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 ABSTRACT 
While it has been well established that regular physical activity is associated with 
reduced morbidity and mortality attributed to a number of non-communicable diseases such as 
diabetes, cardiovascular disease, and some types of cancer, unfortunately, more than 50% of the 
US adult population fail to meet the national physical activity recommendations (about 30 
minutes of brisk walking a day (10,000 steps/day)). Even though people might adopt the goal of 
being physically active, examples from everyday life show that it is very challenging for people 
to follow through with their goals, especially when the goals involve a change in their behavior.  
Using information technology (IT) to purposefully change user behavior is a key issue for 
both research and practice, especially in the health domain. To date, behavioral models of IT use 
have focused primarily on the factors associated with the adoption of a particular system. Yet, 
our understanding of the mechanisms through which IT use can support the users’ achievement 
of their behavior change goals is still limited. Furthermore, our understanding of the mechanisms 
through which intentions to adopt IT can turn into actual adoption is still in its infancy. 
This dissertation focuses on the role of IT (activity trackers) use in facilitating changes in 
health-related behaviors (physical activity) through two essays by addressing the following 
questions: What are the mechanisms which might facilitate translating the desire to change 
behavior into actual behavior change?, How effective are these mechanisms when provided via 
IT i.e. IT based goal striving mechanisms?, and Can goal striving mechanisms enhance IT 
adoption? Together the two essays advance our knowledge of the role of IT use in supporting the 
achievement of physical activity. Future research that builds on the findings of this dissertation 
research will not only advance theory but also significantly impact policies that guide IT based 
initiatives geared toward changing health related behaviors.  
 ©2015 by Amr Soror 
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CHAPTER 1 
INTRODUCTION 
 
“A good intention, with a bad approach, often leads to a poor result” 
                                   Thomas A. Edison  
As the clock has almost struck midnight on a cold New Year’s Eve, Paul closed his eyes, 
took a deep breath, and promised himself that for the New Year he will start a simple exercise 
regimen: walking at least 10,000 steps a day. Unfortunately, by the end of January, Paul’s 
running shoes were buried deep in the closet and gathering dust. Paul’s failure to stick to his 
resolution is not that uncommon. The following examples will illustrate how challenging it is for 
people to follow through with their goals, especially when the goals involve a change in their 
behavior. Each year, approximately 100 million Americans decide to adopt one or more 
resolutions to achieve during the upcoming year (Dholakia et al., 2007). In Miller & Marlatt‘s 
(1998) study, while about 67% of the participants made at least two or more health-related 
resolutions, only 25% of the participants reported successfully achieving even one of their 
resolutions afterwards. Moreover, although it has been well established that regular physical 
activity is associated with reduced morbidity and mortality attributed to a number of non-
communicable diseases such as diabetes, cardiovascular disease, and some types of cancer, 
unfortunately, more than 75% of the US adult population fail to meet the national physical 
activity recommendations, about 30 minutes of brisk walking a day (Fanning et al., 2012).  
With the advances in mobile technology, defined as computing devices that are intended 
to be always on and carried on the person throughout the day, such as smart phones, a plethora 
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of mobile applications (also known as apps), defined as software developed to run particularly 
on mobile computing devices, are currently promoted as tools geared toward supporting the users 
in changing their behaviors. To add, as mobile technology platforms host different sensing 
technologies to collect timely data pertaining to the user’s location, psychophysiological state, 
social context, activity level, and behavior patterns, mobile apps are starting to have the capacity 
to seamlessly interact with users in the context of the conducted behavior (Fogg, 2003; Riley et 
al., 2011). Nowadays, thousands of mobile apps developed for supporting behavior change are 
available at “App Markets” for free or for a price (West et al., 2012). App markets are dominated 
by apps in the wellness category, with high concentration on diet and exercise apps (IMS, 2013).  
Practitioners, employers, end-users, and scholars are all interested in understanding and 
assessing how mobile apps facilitate changes in health-related behavior (West et al., 2012). For 
example, as mobile technology becomes ubiquitous and highly accessible to users, practitioners 
in the medical field are increasingly recommending health and fitness apps to their clients 
(Wardrop, 2012), but yet guidance and concrete evidence regarding which apps are most 
effective to satisfy their clients’ needs are missing (IMS, 2013). Moreover, employers are 
interested in evidence pertaining to how mobile apps can support their employees’ wellness 
(Mattke et al., 2012). To add, end users would like to be able to evaluate the effectiveness of 
offered apps in supporting their targeted goals before having to invest in acquiring the app (IMS, 
2013). Finally, given the high potential of mobile devices for ongoing collection of personal data 
and triggering behavior change at the most opportune moments, in addition to, the pressing need 
to establish the efficacy of mobile apps through rigorous scientific testing, calls have been made 
in both academic (Hasman, 2011; Riley et al., 2011) and practitioners outlets (IMS, 2013) for 
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investigating how mobile apps might support the users in changing their health related 
behaviors1, and for providing clear guidance for evaluating the apps.  
Information systems (IS) literature hosts a plethora of models that predominantly focus 
on “IT adoption” as an end goal with a general emphasis on the factors driving intention to use 
(i.e. adopt) IT (for a review, see Venkatesh et al., 2003; Venkatesh et al., 2012). Unfortunately, 
IT field of research places very limited emphases on the mechanisms by which formed intentions 
to adopt the system are translated into actions (i.e. adoption) (Venkatesh et al., 2008) and how IT 
use leads to effective goal achievement (Burton-Jones & Grange, 2013). Overlooking such 
mechanisms and not explicitly considering them when investigating IS-related phenomena, such 
as IT adoption and IT design, limits our understanding of the means that bridge decision making 
and goal achievement, and places major limitations on the capabilities of IT for achieving its 
purpose (Bagozzi, 2007). As a result, to enhance the effective use of IS; using a system in a way 
that helps attain the goals for using the system, systems need to be designed to leverage goal 
striving mechanisms, and such that IT provide a more faithful representation of the goal domain 
(Burton-Jones & Grange, 2013). 
Against the backdrop of the literature, it is important to develop a program of research 
concerned with investigating the psychological and instrumental steps underlying goal striving 
mechanisms that are relevant for enhancing the effectiveness of IT use in supporting behavior 
change (Figure 1.1).  
                                                          
1 We are going to limit our discussion to mobile apps that promotes physical exercise behavior as 
an exemplar of mobile apps that support goals that entail behavior change. Nonetheless, our 
discussion can apply to variety of behaviors as well.   
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Goal striving essentially builds on self-regulation, which refers to person’s ability to 
guide his or her behavior over time and across various situational contexts in the process of goal 
attainment (Karoly, 1993). In the current work we are going to investigate two important 
components of goal striving mechanisms: action planning (also known as implementation 
intention), and feedback (Bagozzi & Dholakia, 1999; Carver & Scheier, 1998; Kluger & DeNisi, 
1996).  
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As a person forms an intention toward pursuing a goal (goal intention), a commitment is 
made toward the goal, and toward the realization that some sort of action is needed, but the 
particular actions required for goal achievement are not specified in the goal intention (Bagozzi 
& Dholakia, 1999). Action plans imply a commitment, but unlike goal intentions, have specific 
actions as their referents. An action plan specifies, when, where, how, and how long each of the 
actions necessary for goal attainment will be carried out (Bagozzi & Dholakia, 1999; Gollwitzer, 
1996). Action planning has been empirically found to facilitate action initiation when the 
specified opportunity arises, even if the opportunity has a short window, or even when a person 
is highly absorbed in another task (Gollwitzer, 1996; Gollwitzer & Brandstätter, 1997). In other 
words, a goal intention sets the destination and action plans serve as a roadmap toward the target 
goal. While a map is important, a compass is essential for navigating through the wilderness of 
behavior change, which gives rise to the importance of the second component of goal striving 
mechanisms (i.e. feedback). Feedback, defined as information regarding some aspects of one’s 
performance, is needed to ensure that a person is navigating in the right direction and pace 
toward his or her goal, and to allow for flexibility in planning by identifying adjustments if 
needed (Kluger & DeNisi, 1996; Carver & Scheier, 1998).  
Our research follows a two manuscripts model (Figure 1.2). In Essay 1, we aim to 
introduce goal striving mechanisms to the IT field where we develop our theoretical model 
elaborating on the role of action planning in supporting formulated intention and guiding 
behavior. As action planning, compared to feedback, is a new construct to the field of IS, we 
follow the tradition in the IT discipline when introducing new constructs by situating goal 
striving mechanisms in a nomological network of technology acceptance constructs (Davis et al., 
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1989) and empirically validate the model. In Essay 2, we focus on IT based intervention that 
incorporates goal striving mechanisms (action planning and feedback), and empirically test the 
influence of mobile app use on goal achievement (physical exercise).  
As such, we hope that the current work will extend the theoretical understanding in the 
field of IT of the role of goal striving mechanisms in technology adoption and behavior change, 
and lay the foundation for further studies investigating the design of IT for facilitating goal 
achievements.   
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CHAPTER 2 
ESSAY 1 
BRIDGING THE INTENTION-BEHAVIOR GAP IN THE ADOPTION OF MOBILE 
HEALTH APPS: THE ROLE OF ACTION PLANNING 
 
INTRODUCTION 
Information technology (IT) adoption has stood out over the years to be one of the key 
pillars in information systems (IS) literature (for a recent review see Venkatesh et al., 2012). 
Although vast progress has been made and plethora of research has accumulated over the past 
three decades toward understanding the factors influencing adoption, acceptance, and use of 
technology, IT adoption will continue to be an attractive topic of research, especially in emerging 
niches such as consumer centric health IT (HIT) (Agarwal et al., 2010) where the adoption of 
mobile health and wellness applications is still at its infancy and a wide spread diffusion is not 
realized yet (e.g., Lin, 2011; Rai et al., 2013). For example, Lin (2011) focused on integrating 
Health Belief Model (Rosenstock, 1974), Technology Acceptance Model (Davis et al., 1989), 
and innovativeness perceptions toward mobile services to predict adoption intentions. Another 
example, Rai et al. (2013), focused on users’ perceived health conditions, availability of health 
care as well as socioeconomic status among other factors to predict intentions to adopt mobile 
health apps. While examining the motivational antecedents of the decision to adopt mobile health 
applications is a necessary condition for adoption, recent efforts in IS literature would suggest 
that it is not sufficient condition for adoption (Bagozzi, 2007; Venkatesh et al. 2008). For 
example, despite increasing efforts of multiple stake holders in enhancing the adoption of mobile 
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health and wellness application (e.g., government, insurance companies, software developers, 
and physicians), and the widespread use of mobile phones among US population, according to a 
recent report about only 10% of mobile phone users in the US have at least one health app on 
their mobile phones (Pew, 2012). Failure to adopt IT can undermine and hinder the efforts 
geared toward improving the healthcare system. As a result, although research is expanding in 
the area of consumer mobile health apps adoption, little is known about how the favorable 
adoption intention can be translated into adoption behaviors. Given recent calls for more 
consumer health informatics research, especially in regards to mobile health apps adoption (Rai 
et al., 2013; Whittaker, 2012) and our presently limited knowledge of how consumers’ translate 
their mobile phone apps adoption intentions into actual use, research that contribute to enhancing 
our understanding of the adoption of IT (e.g., mobile health and wellness applications)  by going 
beyond the creation of an adoption intention is promptly needed.  
IT adoption represents a complex phenomenon and the current theories of IT adoption 
seem to focus unevenly on the intention to adopt IT relative to actual adoption (Straub & Burton-
Jones, 2007; Wu & Du, 2012) providing researchers with a challenge regarding how to enhance 
IT adoption in their niches of interest. By examining a number of meta-analyses in the IT 
adoption field over the years, we would find evidence supporting the made observation. For 
example, Lee et al. (2003) as well as Schepers and Wetzels (2007) reported about 15% of the 
examined studies (15/99; 9/63 respectively) explicitly focusing the intention-adoption link while 
the remaining studies only focused on the antecedents of adoption intention. More recently, 
Jeyaraj et al. (2008) reported 16% of the examined studies (8/48) in their meta-analysis focused 
on intention-adoption link. Moreover, although a positive relationship between intention to adopt 
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IT and IT usage there is a wide variability in this relationship that can swing all the way from 
non-significant to highly significant (Wu & Du, 2012). Thus, while the development of intention 
to adopt IT is an important first step in adoption, it is not sufficient by itself to result into 
adoption (Bagozzi, 2007). 
 Recent attempts in IS literature started to recognize the limited ability of behavioral 
intention to predict behavior and focused on the type of use (mandatory vs voluntary)  (Devaraj 
& Kholi, 2003), habits (e.g., Limayem et al., 2007; Venkatesh et al., 2008) and affect (e.g., Ortiz 
de Guinea & Markus, 2009; Zhang, 2013) in driving use behavior. To summarize, we yet have 
limited understanding regarding the relationship between two focal constructs in the IT adoption 
literature (adoption intention and actual adoption). Overlooking their distinct nature and using 
them interchangeably hinders researchers from identifying the mechanisms through which 
intention to adopt IT will be translated in to adoption behavior, and hence, making critical 
implications for future research (Bagozzi, 2007; Wu & Du, 2012).  
We believe that in order to deeply understand IT adoption we need to examine it from a 
goal oriented-action perspective. Goal achievement could be viewed in general as a function of 
two important processes; goal setting (which refers to the decisions made toward the selection of 
a desired state to pursue) and goal striving (which refers to the translation of the intention to 
pursue a specified desired outcome into action) (Bagozzi, 2007). Goal striving mechanisms are 
concerned with the progress towards the desired end state, and refer to the actions needed to 
pursue the target goal such as planning to act, remembering the plan, recognizing the opportunity 
to execute the plan, overcoming impediments, resisting temptations, enacting the plan, 
monitoring the progress of the plan enactment, and adjusting the plan if needed (Bagozzi et al. 
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2003). To put it differently, goal intentions reflect a desired state that a person want to achieve, 
and goal striving reflects the needed means to achieve that desired end state. Furthermore, goal 
striving as a process reflects the need for having flexible means to adjust for expected as well 
unexpected impediments that might occur along the route to achieve that goal (Gollwitzer & 
Ottenigen 2012). Bagozzi sheds light on the crucial role of goal striving mechanisms in the 
successful goal achievement in general (1992), and specific to adoption and use of technology 
(2007). Where in “goal striving, intention formation is succeeded by planning (e.g., when, 
where, and how to act instrumentally), overcoming obstacles, resisting temptations, monitoring 
progress to goal achievement, readjusting actions, maintaining effort and willpower, and 
reassessing and even changing goals and means” (Bagozzi, 2007).   
A possible reason for the lack of research on goal striving mechanisms in the IT adoption 
liteature could be the fact that core IT adoption models, building upon reference disciplines, have 
accepted for decades the intention-behavior linkage espoused by theories of attitude (e.g., Theory 
of Reasoned Action (TRA) (Ajzen & Fishbein, 1980), Theory of Planned Behavior (TPB) 
(Ajzen, 1991)), and relied on intention as an immediate determinant of behavior (for a review, 
see Venkatesh et al., 2003). Building heavily on the earlier assumption has a number of 
shortcomings, such as a) overlooking the temporal gap between the formulation of intention and 
the action initiation where many intermediating steps might need to be taken to facilitate the 
targeted behavior, and b) overlooking that, following the formulation of intention, IT users might 
need to stay flexible and develop dynamic strategies to overcome the events that might impede 
the translation of their intentions into actual behavior. Our aim in this essay is to introduce action 
planning as a goal striving mechanism to the IS literature. By situating action planning in HIT 
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adoption context, we hope to expand the scope of theorizing in the IT adoption literature. We 
accomplish this by theoretically highlighting the role of planning in goal achievement, and 
empirically illustrate the influence of action planning in facilitating the adoption of mobile health 
and wellness application.  
 
THEORITICAL BACKGROUND & HYPOTHESES DEVELOPMENT 
The Rubicon Model of Action Phases (MAP) and Action Planning 
Heckhausen and Gollwitzer (1987) distinguish between goal setting and goal striving as 
two different processes of goal-oriented behaviors yet he introduced MAP as general framework 
encompassing both of them. The model (Figure 4) posits that a person moves toward achieving 
his/her goals through a number of distinct action phases (pre-decisional, post decisional, pre-
actional, actional) each phase with its own required tasks.   
a) Pre-decisional phase (motivational): In this phase, an individual sets his/her goals.  
To set one’s goals the feasibility and desirability of potential goals are evaluated 
where feasibility is determined by assessing the likelihood of its realization while the 
desirability is assessed according to the expected value of the goal fulfillment. 
Among different potential goals highest priority is given to the most desirable and 
feasible goals. The outcome of this phase is deciding upon the goals to pursue (i.e. 
establishing a goal intention). 
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Figure 2.1 Model of Action Phases (Heckhausen & Gollwitzer, 1987) 
 
b) Pre-actional phase (volitional): In this phase, an individual prepares for the initiation 
and execution of relevant behaviors that are expected to lead to goal achievement. An action plan 
that depicts when, where, and how long relevant behaviors should take place is developed. 
Among different benefits of developing a plan, the developed action plan facilitates the 
identification of the opportune moment for initiating the relevant goal-directed behaviors. The 
outcome of this phase is action initiation.  
c) Actional phase (volitional): In this phase, an individual acts toward goal achievement. 
This phase is marked by persistence pursuit of goal completion. The outcome of this phase is 
action outcomes.  
d) Post-actional phase (motivational): In this phase, an individual examines whether the 
outcome obtained in the end actually matches the original goal, triggering renewed deliberation 
of the feasibility and desirability of the chosen and unchosen goals. Consequently, the post-
actional phase represents a leading back to the first action phase.  
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The model of action phases makes a clear distinction between the motivational and 
volitional phases, suggesting the differing importance of these processes in the different phases 
of the goal-achievement process. Moreover, the different stages represent the basic/fundamental 
stages that occur in most goal-directed behaviors. Similar goal-directed behavior stage based 
models exist such as transtheoretical model of behavior change (Prochaska & Velicer, 1997) and 
health action process approach (HAPA) (Schwarzer, 2008), yet, we elected to use MAP for a 
number of reasons such as its clear distinction between genuinely qualitative different phases of 
goal achievement (where each phases begins and ends)2, its distinction between goal setting and 
goal striving phases of the model, and finally because its rooted  in the broader psychology 
literature thus not being limited in its applicability to a specific context (e.g., health). As goals 
provide the general direction to which someone is headed we focus on the following section on 
IT adoption goal. 
Technology Acceptance Model (TAM) 
The Technology Acceptance Model (TAM) (Davis et al., 1989) is the well-established 
model of users’ adoption of IT. TAM has survived the test of time and has been applied in 
various contexts over the years, and has been validated inside and outside the IS field of 
research. TAM suggests that an individual’s intention to adopt an IT system is a function of his 
or her technology related beliefs, namely perceived usefulness (the degree to which a person 
believes that using a particular system would enhance his or her job performance) and perceived 
ease of use (the degree to which a person believes that using a particular system would be free of 
effort) (Davis et al., 1989). While IT adoption theories suggested and tested different moderators 
                                                          
2 Although the transtheoretical model of behavior change has gained attention since its inception, 
it has been subject to criticism (for a review, see West (2005)).  
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(e.g., age, gender, experience with similar IT), and in some instance context specific factors (e.g., 
cognitive absorption (Agarwal & Karahanna, 2000), hedonic motivation (Venkatesh et al., 2012), 
trust (Gefen et al., 2003), the influences of such variables are often aggregated to jointly 
influence the assessment of the IT adoption decision and the developed adoption intention. 
Relevant to our study is the use of TAM in healthcare (for a review, see Holden & Karsh, 2010). 
In the context of healthcare, TAM has been employed to understand adoption of IT systems by 
medical personnel in health settings (e.g., Wu et al., 2007; Wu et al., 2011). More recently, TAM 
has also been used to predict potential users’ intention to adopt mobile HIT systems (e.g., Lin, 
2011; Sun et al., 2013). In HIT context, it could be reasonably argued, based on prior literature, 
that a person who is motivated to engage in health-related behavior, no matter whether the 
motivation is conceived because a person perceives a threat to his/her health or because the 
person has a predisposition to improve his/her health (Bandura, 2005), he/she will be more likely 
to perceive the usefulness of mobile health and wellness application, compared to someone who 
is not motivated to engage in health-related behaviors. Moreover, as the motivation to improve 
health increases, the motivation to learn how to use mobile health and wellness application to 
improve health will increase as well. In addition to that, as intentions to improve health can be 
related, in general, to level of confidence in managing one’s own health, it could be argued  
based on the influence of self-efficacy on shaping anticipatory cognitive stimulations (Bandura, 
1989; Venkatesh, 2000) that people who are confident in their ability to manage their own health 
will optimistically anticipate that they will be comfortable  using the mobile application to 
manage their own health and thus  his/her and as result the perceived ease of using the 
application will increase. Based on prior literature, perceived ease of use of IT will influence its 
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usefulness, and as the perceived ease of use and usefulness of IT increases, the higher the 
intention to use the technology will be. These relationships have been heavily investigated in the 
IS literature (Wu & Du, 2012) and are expected to hold in the HIT domain. 
Drawing a parallel between MAP and IT adoption, in the pre-adoption phase the 
feasibility and desirability of IT adoption decision are assessed. Building on TAM the ease of use 
(i.e. feasibility) and the usefulness (i.e. desirability) of IT are evaluated and the outcome is 
setting the goal to adopt IT (i.e. adoption intention) (Davis et al., 1989). It would have been 
possible to jump ahead from pre-decisional phase (i.e. setting an IT adoption goal) to the actional 
phase (actual IT adoption) if there was no time gap between the development of the adoption 
intention and the occurrence of an opportunity to execute the adoption decision. Typically, there 
is often a time gap (delay) between setting the goal and pursuing the goal. Warshaw and Davis 
(1985) argue that during the delay period a number of factors could play out resulting into 
inconsistencies between the intention and actual behavioral outcomes. For example, people can 
change their intentions along the way, face environmental constraints that hinder their goal 
pursuit, or encounter limitations on their ability to follow through with their intentions (e.g., 
forget about the goal or get busy with other goals). To say the least, in the time between goal 
setting and action initiation, the adopted goal will be stored in a dormant state in the long-term 
memory waiting for a trigger to activate it. As a result, the IT adoption models have richen our 
understanding about the factors influencing setting an IT adoption goal, but didn’t tackle how to 
enhance the access to such goal and bring it to the forefront of our attention. 
We focus now on the pre-actional phase, specifically on the influence of action plans, 
also known as implementation intentions, on goal achievement. Forming action plans 
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(implementation intentions), rather than mere goal intentions, appeared to results in higher 
likelihood of fulfillment of an intended action or a goal (Gollwitzer & Sheeran, 2006). While 
goal intentions involve statements of the form “I intend to do Z” or “I want to reach Z” (Sheeran 
et al., 2001), implementation intentions (Gollwitzer & Sheeran, 2006) involve statements of the 
form: ‘‘If situation Y occurs, then I will initiate behavior X in order to obtain outcome Z!”. Thus, 
the main difference between goal intentions and implementations intentions is that goal 
intentions specify what one wants to accomplish while implementations specify what action(s) 
one will perform to accomplish that goal, when to perform them, and in what situations they will 
be performed. By forming implementation intentions, a person passes the burden of 
remembering what needs to be done to specific pre-selected situational cues (Sheeran et al., 
2001; Gollwitzer & Sheeran, 2006).  
By forming actions plans, people will not need to exercise cognitive control on when to 
act or how to act. Once the pre-situational cue is encountered (specified in if-component of the 
implementation intention), the initiation of the goal-directed response (specified in then-
component of the implementation intention), will occur automatically (Van Koningsbruggen et 
al., 2011). The benefits of forming implementation intentions could be argued for based on the 
cognitive rehearsal involved in creating the link between  an anticipated situational cue and an 
intended behavior (if-then statements) (Sheeran et al., 2001). When implementations intentions 
are formed the mental representation of the anticipated situational cue becomes highly 
accessible. As a result, this will improve the detection of the situational cue, forge a strong 
association between the situational cue and the behavior in memory, and delegate the control of 
the initiation of the behavior to the situational cue. Consequently, if-then planning facilitates 
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detecting and acting upon opportunities toward goal achievement, which make it more probable 
to observe a consistency between intended and actual behavior. Findings of prior studies suggest 
that implementation intentions are effective in promoting goal achievement (Gollwitzer & 
Sheeran, 2006). While habits and implementations intentions appear to operate under similar 
mechanisms (strong association between situational cues and specific responses) and 
demonstrate similar automaticity of their effects (Tam et al., 2010), habits and implementation 
intentions have differences pertaining to the source of the association. For habits, the if-then 
association is established through frequent performance of a specific behavior in a stable context 
(Aarts & Dijksterhuis, 2000). In the case of implementations intentions, the if-then association is 
created through cognitive, rather than behavioral, rehearsal (Tam et al., 2010).  
Moreover, people benefit from forming implementation intentions when they are 
confronted with crucial problems of goal implementation: failing to get started, failing to strive 
for a goal over an extended period of time, or failing to stop fruitless goal striving efforts (Van 
Koningsbruggen et al., 2011). Martijn et al. (2008) investigated how the formation of action plan 
not only facilitates the initiation of goal striving but also promotes continued striving when the 
initial attempt to reach the goal is blocked. Unlike initial action initiation, subsequent strivings 
are not associated with the original plans, i.e. the participants have not formed plans that specify 
how they should handle unforeseen obstacles in their quest for goal attainment.  Nonetheless, 
Marttijn et al. (2008) found that forming an action plan automates initial goal striving and thus 
conserves self-regulatory resources that can later be used in making successive efforts to attain 
the desired goal. The findings resonates with the other work advocating that effortful initial goal 
striving associated with goal intentions consumes regulatory resources, and leaves fewer 
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resources to be deployed in subsequent goal striving (i.e., people become ego depleted by their 
initial exertions; (Baumeister et al., 1998; for a review, see Muraven & Baumeister, 2000; 
Schmeichel & Baumeister, 2004).  
Based on the prior discussion we would assume that potential users who develop action 
plans specifying when, where, and what they will do to adopt their mobile HIT applications will 
be more likely to follow on their adoption intention compared to others who don’t formulate an 
action plan.  Our research model is depicted in Figure 2.2.  
 
Hypotheses 
H1: The strength of the intention to exercise will positively influence the perceived 
usefulness of IT 
H2: The strength of the intention to exercise will positively influence the perceived ease 
of use of IT 
H3: Perceived ease of use of IT will positively influence the perceived usefulness of IT 
H4: Perceived usefulness of IT will positively influence the intention to acquire IT 
H5: Perceived ease of use of IT will positively influence the intention to acquire IT 
H6: The Intention to acquire IT will positively influence the likelihood of IT acquisition  
H7: Developing plans to acquire IT will positively amplify the influence of Intentions to   
       acquire IT on the likelihood of IT acquisition 
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Figure 2.2 Essay 1 Research Model  
METHODOLOGY & RESULTS 
To test empirically our hypotheses we conducted an online experiment collecting 
responses from online community members (Amazon Mechanical Turk). We also replicated the 
experiment using a different sample composed mainly of college students (Figure 2.3). Results 
for each sample will be reported separately and jointly. Data was collected at two points in time, 
which were one week apart. In this section, we describe the participants, measurement, and data 
collection procedure. 
Methodology (Online Community Sample) 
Participants: Our sample size had a total of 257 participants from an online community. 
Participants were randomly assigned to a goal intention and action planning or goal intention 
only conditions. After checking for incomplete, duplicate or automatic responses, we ended up 
with 241 usable responses. Of the 241 participants 104 were women (43%) with a mean (SD) 
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age of 35 (9.8) years. About 82% of the participants reported not to have previously used a 
health and wellness mobile application to monitor physical activity levels.  
Furthermore, participants’ dispositions to plan their activities had a mean (SD) of 5.13 
(1.70) when assessed using a Likert scale that ranges from one (almost never true) to seven 
(almost always true). Finally, intention to be physically active during the study period and 
intention to acquire the mobile application via the website had a mean (SD) of 5.95 (.96), 5.72 
(1.07) when assessed using a Likert scale that ranges from one (strongly disagree) to seven 
(strongly agree) respectively.  
Procedure: Members of an online community were asked to participate in a short internet 
study that would take 10-15 min of their time. The cover story was an invitation to evaluate a  
mobile application, aimed to promoted medium intensity physical exercise, currently under 
development by the research team.  
Participants were requested to read a description of the mobile application (APPENDIX 
1-A). In addition to capturing the participants’ perceptions regarding the mobile application and 
their intention to acquire it when available, we captured participants perceptions regarding 
exercise in general, demographics, a number of personality characteristics, and contact 
information (e-mail). Participants were informed that as the mobile application is still under 
development; the application will be only available for download during limited time window in 
the week following the survey administration.  
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Figure 2.3 Essay 1 Participant Flow  
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To get access to the mobile application, the participants will need to visit the mobile 
application website. To motivate the participants to visit the mobile application website they 
were offered a symbolic monetary compensation for their effort (50 cents). A link for accessing 
the website was sent to all participants by the researcher via e-mail upon their completion of the 
survey. The experimental manipulation was embedded in the questionnaire completed by 
participants. The survey ended for participants in the control group and they were thanked for 
their participation. Participants in the treatment group were requested to form a detailed plan 
(specifying when, where and what they will do) to visit the website hosting the mobile 
application (c.f. Oettingen et al., 2000)3. Participants were informed that the website is under 
development and will be available a week later (i.e. after seven days from the date of taking the 
survey). Participants were thanked for completing the survey. When participants attempt to visit 
the web page before the specified date they receive an error message (APPENDIX 1-A). 
A week later, when participants visited the provided web-link an interactive page 
appeared, on which they had to enter their emails to access the mobile application.  Their emails 
along with the exact date and time of their web visit were recorded. Then participants received 
the following message on their computer screen: ‘‘503 Service Unavailable Server is 
temporarily busy. Please try again later”, with a link to go back to the website (APPENDIX 1-
A). The same procedure was repeated for each subsequent visit to the website (entering emails, 
recording time of visit, and returning the same error message). After the study period was over 
the participants were debriefed via e-mail and were compensated for their visit.  
                                                          
3 The form for developing the plans and a sample of the developed plans with varying level of 
details can be found in APPENDIX 1-A. 
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Measures: We used validated scales whenever possible. We captured participants’ 
perceptions regarding the mobile application as well as intention to acquire the mobile application 
by adapting TAM measures (Davis et al., 1989). To add, participants intention to engage in 
physical activity over the study period was captured using Milne et al. (2002) validated measure 
for physical activity intention. Moreover, we examined other variables suggested to influence IT 
adoption directly in the literature (e.g., facilitating conditions and behavioral expectations). 
Facilitating conditions were measured using validated items from UTAUT (Venkatesh et al., 
2003), while behavioral expectations were measured based on Venkatesh et al. (2008). We aim to 
control for participants planning disposition by using developed scale from (Dholakia et al., 2007). 
All of the constructs were measured on a seven-point Likert scale. The frequency of visiting the 
website was coded into three levels (zero visits, one visit, two and more visits). 
Results (Online Community Sample) 
Usable data from the 241 participants (treatment: n = 111; control: n = 130) were subject 
to further examination. We compared the treatment and control groups for significant differences 
on the discussed characteristics. Based on the reported results in Table 2.1, we can conclude with 
confidence that, except for Age (AGE), randomization achieved comparable groups. A one-way 
analysis of variance (ANOVA) showed that the goal intention condition and the implementation 
intention condition did not differ with respect to their intention to acquire the mobile application 
(BI_ACQ) (treatment group with a mean of 5.71, SD = 1.1; control group with mean of 5.73, SD 
= 1.1), F (1, 239) < 1, not significant (ns). Inter-correlations of study variables are showed in 
Table 2.2.  
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Table 2.1 Sample Characteristics at Baseline by Intervention Group and for All 
Participants (Online Community Sample) 
 
Notes: 
1. GEN: Gender; EXP: Prior Experience with similar IT; PLD: Planning Disposition; PA_INT: 
Physical activity Intention; PU: Perceived Usefulness; PEOU: Perceived Ease of Use; BI_ACQ: 
Behavioral Intention to Acquire IT; BE_ACQ: Behavioral Expectation to Acquire IT; FC_ACQ: 
Facilitating Conditions to Acquire IT. 
2. P-value column illustrates p-value for relevant test statistics (Pearson’s χ2 for categorical 
variables and t-test for continuous variables). Significance level of 0.05 was used to examine the 
statistical significance of the reported p-values. 
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Table 2.2 Inter-correlations of Study Variables (Online Community Sample) 
 
 
 
Notes: 
1. GEN: Gender; EXP: Prior Experience with similar IT; PLD: Planning Disposition; PA_INT: 
Physical activity Intention; PU: Perceived Usefulness; PEOU: Perceived Ease of Use; BI_ACQ: 
Behavioral Intention to Acquire IT; BE_ACQ: Behavioral Expectation to Acquire IT; FC_ACQ: 
Facilitating Conditions to Acquire IT; APL= Action Planning.  
2. Off-diagonal cells represent constructs correlations while diagonal cells represent Cronbach’s 
alpha of the corresponding constructs.  
3. * p<0.05 
  
M SD 1 2 3 4 5 6 7 8 9 10 11 12
1 REVISIT 0.30 0.46 —
2 AGE 34.96 9.80 0.27* —
3 GEN 0.44 0.50 -0.09 0.01 —
4 EXP 0.27 0.45 -0.03 -0.13 -0.06 —
5 PLD 5.13 1.17 -0.05 -0.11 -0.06 0.01 0.91
6 PA_INT 5.95 0.96 0.00 0.02 -0.03 0.06 0.32* —
7 PU 5.72 0.91 0.10 0.04 0.01 0.05 0.29* 0.41* 0.90
8 PEOU 5.80 0.89 0.04 -0.08 0.03 0.09 0.30* 0.50* 0.71* 0.90
9 BI_ACQ 5.72 1.08 0.11 0.02 0.02 0.04 0.24* 0.36* 0.58* 0.53* 0.93
10 BE_ACQ 5.71 1.10 0.11 0.07 0.02 0.07 0.27* 0.40* 0.61* 0.57* 0.90* 0.94
11 FC_ACQ 5.78 0.89 0.17* 0.02 -0.03 0.16* 0.17* 0.36* 0.59* 0.68* 0.52* 0.54* 0.77
12 APL 0.46 0.50 0.60* 0.15* -0.07 -0.08 -0.03 0.05 0.00 0.07 -0.01 -0.02 0.06 1.00
Variables
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Table 2.3 summarizes the results of a series of regression analyses conducted to test the 
first five hypotheses (H1-H5). In addition, a simple glance at the correlation matrix would have 
been sufficient to conclude that Physical activity Intention (PA_INT), Perceived Usefulness 
(PU), Perceived Ease of Use (PEOU), and BI_ACQ are highly correlated. We also examined 
whether PU and PEOU mediates the influence of PA_INT on BI_ACQ. The results of Table 2.3 
(graphically illustrated in Figure 2.4), show that the indirect influence of PA_INT on BI_ACQ is 
statistically significant (β=0.26, p<0.001). As a result, H1, H2, H3, H4, and H5 were supported 
in the current sample. 
 
Table 2.3 Mediation Analysis (Online Community Sample) 
 
Hypothesis DV Adjusted_R
2 IV B SE (B) β
BI_ACQ 13%*** PA_INT 0.41 0.07 0.36***
H1 PU 17%*** PA_INT 0.39 0.06 0.41***
H2 PEOU 25%*** PA_INT 0.46 0.05 0.50***
H3 PU 50%*** PEOU 0.69 0.05 0.68***
PA_INT 0.07 0.05 0.07
H4 BI_ACQ 36%*** PU 0.47 0.09 0.40***
H5 PEOU 0.23 0.09 0.19*
PA_INT 0.12 0.07 0.10
0.29 0.05 0.26***Indirect effect of PA_INT
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Figure 2.4 Mediation Analysis (Online Community) 
Notes: 
1. Sobel test plus Bootstrap with case resampling was conducted to test the indirect effect of 
PA_INT on BI_ACQ (resample1000 times)  
2. DV: Dependent variable, IV: Independent Variable; 3. ** p<0.01; *** p<0.001 
 
To examine the influence of action planning (APL) on IT acquisition, we compared the two 
groups (i.e. treatment and control) to check which group was successful in visiting the website to 
acquire the application. In the treatment group, 59.5% (n = 66) of the participants visited the 
website at least once whereas 4.6% (n = 6) of the participants in the control group visited the 
website at least once with. The influence of group membership on revisiting at least once was 
significant,  (1, N = 241) = 85.97, p < .001 (Figure 2.5). Furthermore, there was a difference 
in the frequency of visiting the website (no visit, one time, or repeated visits) between action 
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planning and goal intentions participants,  (2, N = 241) = 86.36, p < .001. 4 Table 2.4 provides 
an overview of number and percentage of website visits and revisits per condition.5 
 
 
 
Figure 2.5 Percentage of Participants Visiting the Website 
(Online Community) 
 
Table 2.4 Website Visit by Intervention Group (Online Community Sample) 
 
                                                          
4 We conducted Logistic regression analysis with “visit at least once” as dependent variable and 
APL as an independent variable and the findings supported a direct effect of APL on acquisition 
behavior (p<0.001) but the interaction between APL and BI_ACQ didn’t have  a significant 
influence on goal realization. 
5 Contingency tables are available in APPENDIX 1-C. 
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Moreover, we conducted subsequent analysis focusing only on participants who visited 
the website at least one visit (n = 72, 17% of total sample). Of the 40 participants who visited the 
website at least once ‘one time visitors’, 95% (n = 38) were from the treatment group while 5% 
(n = 2) were from the control group. Moreover, out of the 32 participants who visited more than 
once ‘returning visitors’, 87.5% (n=28) belonged to the treatment group while 12.5% (n=4) 
belonged to the control group. This difference in proportion of participants in each condition per 
category was statistically significant at p <.001. To summarize our findings, about 90% of our 
sample had BI_ACQ with score of at least 4 on a seven point scale, but just developing BI_ACQ 
appears to be inferior to developing BI_ACQ and APL.  
To be confident about our conclusion, we had to revisit the issue of unbalanced 
assignment of AGE to the treatment and control groups. We conducted an Analysis of 
Covariance (ANCOVA) using AGE as a covariate, we found that APL had significant effect on 
the frequency of website visits (even after controlling for the influence of AGE), F (1, 238) = 
88.86, p < 0.001. With this finding, our conclusion about the support of the hypotheses remains 
unchanged.  
Discussion (Online Community Sample) 
This study showed that despite expressing an equally strong intention to visit a website to 
acquire a fitness related mobile app, participants who formed an action plan were more likely to 
visit the website compared to participants who formed goal intentions only. Moreover, when the 
first attempt to acquire the mobile application did not succeed, participants who formed an action 
plan tended to revisit the website more often compared to participants who did not develop a 
plan.  
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Although the findings were statistically significant results needed to be interpreted 
cautiously. The use of online communities as a source of data collection in academic research 
represent a fairly new direction in academic research and their might be one or more omitted 
variables peculiar to that sample that might have influenced the results. Moreover, about 95% of 
the participants in the goal intention group did not visit the website at all and their might be some 
concerns that the compensation for revisiting the website was not motivating enough. Also, for 
members in the intention only group the number of ‘one time visitors’ as well as ‘returning 
visitors’ at each level was small which might shed some concerns about the accuracy of the made 
comparisons between the two groups. For these reasons, we went ahead and conducted another 
data collection to validate our earlier findings. 
Methodology (University Sample)  
Participants: Our sample size had a total of 201 participants from a Major University in 
the Midwest of the United states. Participants were randomly assigned to a goal intention and 
action planning or action planning only conditions. After checking for incomplete, duplicate or 
automatic responses, we ended up with 190 usable responses. Of the 190 participants 102 were 
women (54%) with a mean (SD) age of 22 (4.80) years. About 77.73% of the participants 
reported not to have previously used a fitness tracker device, web or mobile app to monitor 
physical activity levels. Finally, participants’ dispositions to plan their activities had a mean (SD) 
of 4.67 (1.39) when assessed using a Likert scale that ranges from one (almost never true) to 
seven (almost always true). Moreover, intention to be physically active during the study period 
and intention to acquire the mobile application via the website had a mean (SD) of 5.39 (1.23), 
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5.06 (1.62) when assessed using a Likert scale that ranges from one (strongly disagree) to seven 
(strongly agree) respectively.  
Procedure: Participants were contacted through university mailing list. The procedure 
exactly replicated the procedure in the earlier experiment with one exception pertaining to the 
compensation for participation. To motivate the participants, they were promised a chance to win 
one out of 15 gift cards with values ranging from $10-$25 usable at major mobile application stores 
of their choice upon downloading the mobile application.  
Measures: Same measures used in the prior experiment were used in the current 
experiment.  
Results (University Sample) 
Out of the 190 participants, 94 participants were assigned to treatment group and 96 
participants were assigned to the control group. We compared the treatment and control groups 
for significant differences on the baseline characteristics. Based on the reported results in Table 
2.5, we can conclude with confidence that randomization achieved comparable groups on all 
characteristics of interest. The important finding to highlight at this point is that a one-way 
ANOVA showed that treatment and control groups did not differ, on average, with respect to 
their BI_ACQ (treatment group had a mean of 5.16, SD = 1.59; control group had a mean of 
4.96, SD = 1.64), F(1, 189) < 1, ns. Inter-correlations of study variables are shown in Table 2.6.  
Table 2.7 summarizes the results of a series of regression analyses conducted to test the 
first five hypotheses (H1-H5). In addition, a simple glance at the correlation matrix would have 
been sufficient to conclude that PA_INT, PU, PEOU, and BI_ACQ are highly correlated. We 
also examined whether PU and PEOU mediates the influence of PA_INT on BI_ACQ. The 
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results of Table 2.7 (graphically represented in Figure 2.6), show that the indirect effect of 
PA_INT on BI_ACQ is statistically significant (β=0.19, p<0.001). As a result, H1, H2, H3, H4, 
and H5 were supported in the current sample as well. 
Table 2.5 Sample Characteristics at Baseline by Intervention Group and for All 
Participants (University Sample) 
 
Notes: 
1. GEN: Gender; EXP: Prior Experience with similar IT; PLD: Planning Disposition; PA_INT: 
Physical activity Intention; PU: Perceived Usefulness; PEOU: Perceived Ease of Use; BI_ACQ: 
Behavioral Intention to Acquire IT; BE_ACQ: Behavioral Expectation to Acquire IT; FC_ACQ: 
Facilitating Conditions to Acquire IT; APL= Action Planning.  
2. P-value column illustrates p-value for relevant test statistics (Pearson’s χ2 for categorical 
variables and t-test for continuous variables). Significance level of 0.05 was used to examine the 
statistical significance of the reported p-values. 
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Table 2.6 Inter-correlations of Study Variables (University Sample) 
 
 
Notes: 
1. GEN: Gender; EXP: Prior Experience with similar IT; PLD: Planning Disposition; PA_INT: 
Physical activity Intention; PU: Perceived Usefulness; PEOU: Perceived Ease of Use; BI_ACQ: 
Behavioral Intention to Acquire IT; BE_ACQ: Behavioral Expectation to Acquire IT; FC_ACQ: 
Facilitating Conditions to Acquire IT; APL= Action Planning.  
2. Off-diagonal cells represent constructs correlations while diagonal cells represent Cronbach’s 
alpha of the corresponding constructs.  
3. * p<0.05 
 
Table 2.7 Mediational Analysis (University Sample) 
 
 
M SD 1 2 3 4 5 6 7 8 9 10 11 12
1 REVISIT 0.27 0.45 —
2 AGE 21.91 4.80 0.07 —
3 GEN 0.54 0.50 0.00 0.12 —
4 EXP 0.23 0.42 -0.05 0.00 0.05 —
5 PLD 4.67 1.39 -0.01 0.02 0.36* 0.12 0.92
6 PA_INT 5.39 1.23 0.00 0.14 0.26* 0.19* 0.18* —
7 PU 5.41 1.22 0.14 0.19* 0.33* 0.07 0.38* 0.39* 0.95
8 PEOU 5.78 1.12 0.12 -0.04 0.17* 0.12 0.27* 0.39* 0.69* 0.95
9 BI_ACQ 5.06 1.62 0.07 0.14* 0.18* 0.14* 0.20* 0.32* 0.46* 0.44* 0.98
10 BE_ACQ 5.04 1.60 0.07 0.15* 0.18* 0.14* 0.22* 0.35* 0.52* 0.45* 0.94* 0.98
11 FC_ACQ 5.88 1.01 0.12 0.03 0.20* 0.07 0.31* 0.40* 0.56* 0.71* 0.42* 0.42* 0.90
12 APL 0.49 0.50 0.15* -0.11 -0.03 -0.01 0.02 -0.03 -0.07 -0.04 0.06 0.07 -0.03 —
Variables
Hypothesis DV Adjusted_R
2 IV B SE (B) β
BI_ACQ 9%*** PA_INT 0.42 0.09 0.32***
H1 PU 15%*** PA_INT 0.39 0.07 0.39***
H2 PEOU 15%*** PA_INT 0.35 0.06 0.39***
H3 PU 49%*** PEOU 0.69 0.06 0.63***
PA_INT 0.14 0.06 0.14*
H4 BI_ACQ 25%*** PU 0.36 0.12 0.27**
H5 PEOU 0.30 0.13 0.20*
PA_INT 0.17 0.09 0.13
0.24 0.06 0.19***Indirect effect of PA_INT
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Figure 2.6 Mediation Analysis (University Sample) 
Notes: 
1. Sobel test plus Bootstrap with case resampling was conducted to test the indirect effect of 
PA_INT on BI_ACQ (resample1000 times)  
2. DV: Dependent variable, IV: Independent Variable 
3. ** p<0.01; *** p<0.001 
 
To examine the potential influence of APL on IT acquisition in the current sample, we 
compared the two groups to check which group was successful in visiting the website to acquire 
the application. In the action planning condition, 34.0% (n = 32) of the participants visited the 
website at least once whereas 20.83% (n = 20) of the participants in the goal intention condition 
visited the website at least once. The influence of group membership on visiting the website at 
least once was significant,  (1, N = 190) = 4.17, p < .05 (Figure 2.7). Furthermore, there was a 
difference in the frequency of visiting the website (no visit, one time, or repeated visits) between 
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action planning and goal intentions participants,  (2, N = 190) = 5.00, p < 0.1. 6 Table 2.8 
provides an overview of number and percentage of website visits per condition.7 
 
 
Figure 2.7 Percentage of Participants Visiting the Website 
(University Sample) 
 
Table 2.8 Website Visit by Intervention Group (University Sample) 
 
                                                          
6 We conducted Logistic regression analysis with “visit at least once” as dependent variable and 
APL as an independent variable and the findings supported a direct effect of APL on acquisition 
behavior (p<0.001), but the interaction between APL and BI_ACQ didn’t have  a significant 
influence on goal realization. 
7 Contingency tables are available in APPENDIX 1-C 
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We also conducted subsequent analysis focusing only on participants who visited the 
website at least once (n = 52, 27% of total sample). Of the 12 participants who visited the 
website at least once, ‘one time visitors’, 50% (n = 6) participated in the treatment group and 
50% (n = 6) from the control group. Moreover, out of the 40 participants who visited more than 
once, ‘returning visitors, 65% (n=28) participated in the treatment group, while 35% (n=14) 
participated in the control group. The difference in proportion of participants in the returning 
visitors category (i.e., two or more visits) was statistically significant at p<.05. To summarize our 
findings, about 70% of our sample had BI_ACQ with score of at least 4 on a seven point scale, 
but just developing BI_ACQ appears to be inferior to developing BI_ACQ and APL. 
Discussion (University Sample) 
 Main results from the first experiment were mostly replicated even when tested in a 
different setting. In this experiment, participants who formed an action plan were more likely to 
actually visit the website than were participants who formed goal intentions. Moreover, when the 
first attempt to acquire the mobile application did not succeed, participants who formed an action 
plan tended to revisit the website more often compared to participants who did not develop a 
plan. Furthermore, in the current experiment, we attempted to remove doubts casted around the 
results of the previous experiment.  
To examine the moderating influence of APL on the influence of BI_ACQ on IT 
acquisition, we conducted logistic regression analyses using each sample separately. Our 
findings indicated that the moderation effect was not statistically significant in neither of the 
samples. We suspected that the results might be a mere artifact of our sample size. As a result, to 
increase the power of our test, we pooled the two data sets (online community and University) 
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together (APPENDIX 1-D captures the inter-correlations of study variables in the pooled data 
set, as well as the results for the mediation analysis). While controlling for group membership, 
we investigated three logistic regression models (controls only, reduced model with no 
interaction, and a full model with interaction between APL and BI_ACQ).  
According to the Hosmer-Lemeshow goodness-of fit tests, all the models were 
significantly better than random chance in determining the probability of visiting the website 
(Table 2.9). Hosmer-Lemeshow goodness-of fit test examines the null hypothesis that there is no 
difference between observed and model-predicted values. Out of the three models, the models 
examining direct effects of and interaction effects between BI_ACQ and APL appear to have 
relatively higher fit to the data when compared to the model including controls only (lower -2 
Log Likelihood). Of the two models, the model depicting interactions effects was marginally 
better. It showed the lowest -2 Log Likelihood, highest R2 (Cox & Snell and Nagelkerke), as well 
as the highest Hosmer-lemeshow Goodness-of-fit index (i.e. lowest Chi-square and highest p-
value).  
Table 2.10 presents several measures describing the importance of each predictor within 
each model. Significance of different predictors in each model was assessed by examining the p-
value of the Wald statistic (which measures significance of the construct after accounting for its 
error). In the Controls Only model, AGE and GRP were significant. In the main effects model, 
AGE, BI_ACQ and APL were significant. In the interaction model, AGE, APL, and the 
interaction between BI and APL were significant. 
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Table 2.9 Analysis of Logistic Models’ Fit 
 
The degree to which a construct was useful for distinguishing whether a participant 
visited the website or not  was determined by examining the coefficients (standardized 
coefficients) and the Odds Ratios (Odds Ratios of standardized coefficients) when possible. The 
odds ratio (odds ratios of standardized coefficients) is the increase in likelihood of visiting the 
website corresponding to an increase in an independent variable by one unit (one standard 
deviation).  
In the main effects only model, APL had the strongest odds ratio (seven folds increase in 
visiting the website, ceteris paribus). Moreover, the increase in BI_ACQ and AGE by one 
standard deviation will increase the odds of visiting the website by 1.3 and 1.8 folds respectively 
(ceteris paribus). As a result, H6 is supported.  
In the interaction effects model, AGE is significant where an increase in its value by one 
standard deviation will increase the odds of visiting the website by 1.8 folds. The interaction 
between BI_ACQ and APL is significant at p< 0.1, thus we are not going to discuss main effects 
of each predictor. For participants in the treatment group, an increase in BI_ACQ by one 
standard deviation will lead to an increase in the odds of visiting the website by 1.3 folds, ceteris 
paribus. For participants in the control group, an increase in BI_ACQ by one standard deviation 
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will lead to almost no change in the odds of visiting the website, ceteris paribus. Thus, H7 is 
supported.  
We examined the predictive accuracy of the three models (Table 2.11). The interaction 
model has the highest sensitivity to predicting whether a participant will visit the website (35%), 
with an overall accuracy of predicting whether a participant will visit or not visit the web site 
(74.2%). All the three models had at least 22% better overall accuracy when compared with the 
by chance accuracy rate of a model that has no predictors at all. The model examining the 
interaction had at least 25% better overall accuracy.8 
Although the interaction term was significant and the model including the interaction is 
marginally better than the model without the interaction term, it’s worth mentioning that when a 
likelihood ratio test was conducted (i.e. a chi-square difference test comparing the incremental 
reduction in the sum of squared errors (-2 Log Likelihood) as a result of adding one or more 
predictors), the addition of the interaction term  resulted in barely non significant improvement 
relative to the reduced model (i.e. without the interaction term).9 
                                                          
8 The proportional by chance accuracy rate was computed by calculating the proportion of cases 
for each group based on the number of cases in each group in the classification table with zero 
predictors, and then squaring and summing the proportion of cases in each group  (0.712² + 
0.288² = 0.589).  
9 Reduction in -2 Log Likelihood = 2.25, which follows a χ2 distribution with one degrees of 
freedom, p-value =0.13. 
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Table 2.10 Analysis of Logistic Models’ Predictors 
 
 
 
IV B SE (B) Odds R. β Odd R. β Wald's p -value
AGE 0.05 0.01 1.06 0.56 1.76 16.79 0.00***
GEN -0.28 0.23 0.75 -0.14 0.87 1.58 0.21
PLD -0.01 0.09 0.99 -0.01 0.99 0.02 0.90
PA_BL -0.02 0.06 0.98 -0.04 0.96 0.11 0.74
PA_INT 0.01 0.11 1.01 0.01 1.01 0.01 0.91
GRP 0.64 0.30 1.89 0.32 1.37 4.48 0.03**
IV B SE (B) Odds R. β Odd R. β Wald's p-value
AGE 0.06 0.02 1.06 0.58 1.79 14.24 0.00***
GEN -0.23 0.25 0.79 -0.12 0.89 0.88 0.35
PLD -0.06 0.10 0.95 -0.07 0.93 0.30 0.58
PA_BL -0.02 0.07 0.98 -0.04 0.96 0.08 0.78
PA_INT -0.07 0.12 0.93 -0.08 0.93 0.32 0.57
GRP 0.63 0.33 1.88 0.31 1.37 3.60 0.06
BI 0.20 0.10 1.22 0.28 1.32 3.98 0.02*
APL 1.99 0.26 7.30 0.99 2.70 58.22 0.00***
IV B SE (B) Odds R. β Odd R. β Wald p-value
AGE 0.06 0.02 1.06 0.60 1.83 14.87 0.00***
GEN -0.23 0.25 0.79 -0.12 0.89 0.87 0.35
PLD -0.06 0.10 0.94 -0.08 0.93 0.34 0.56
PA_BL -0.02 0.07 0.98 -0.03 0.97 0.06 0.81
PA_INT -0.07 0.12 0.93 -0.08 0.93 0.33 0.57
GRP 0.65 0.33 1.91 0.32 1.38 3.72 0.05
BI -0.01 0.16 0.99 -0.01 0.99 0.00 0.49
APL 1.96 0.26 7.11 0.98 2.67 56.83 0.00***
APLX BI 0.30 0.19 1.35 0.28 1.32 2.36 0.06+
Model 1. Controls Only
Model 2. BI_ACQ & APL (Main Effects)
Model 3. BI_ACQ & APL (Main & Interaction Effects)
Main
Controls
Main
Controls
Controls
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Table 2.11 Analysis of Logistic Models’ Classification Accuracy 
 
 
GENERAL DISCUSSION 
In the current essay, we attempted to appreciate IT adoption complexity and empirically 
examine a model that not only focus on motivational factors driving IT adoption but also shed 
light on the role of action planning in enhancing IT adoption. Contrary to dominant IT adoption 
theories, we account for the temporal gap between the formulation of intention and action 
initiation, which is a more realistic assumption to make regarding the nature of a typical IT 
adoption decision. Saying it differently, the assumption held by state of the art IT adoption 
theories regarding the role of motivation in guiding behavior might be realistic in explaining 
what we can call a “one click adoption decision”, which while might exist in some situations 
might not be the general case. Moreover, IT adoption is not always a smooth ride given that 
technical difficulties and disruption of services are facts of IT realm. To say the least, goal 
striving mechanisms such as action planning are needed to explain typical IT adoption behavior. 
Based on the conducted experiments and the analyses conducted on the pooled data set, 
we can conclude that action planning enhances the likelihood of IT adoption represented by 
visiting a website to acquire a health and wellness mobile application. Our results replicate 
earlier findings in the field of psychology concerning the impact of action planning formation on 
action initiation (Gollwitzer & Sheeran, 2009). Also, our results concur with Martjin et al. (2008) 
Visit No Visit
1. Controls Only 11.30% 97.10% 72.40%
2. BI_ACQ + APL 31.50% 90.20% 73.30%
3. BI_ACQ X APL 35.50% 89.90% 74.20%
Classification 
Accuracy
Overall 
Accuracy
Model
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findings suggesting that action planning promotes goal pursuit even in the face of unforeseen 
obstacles.  
Our findings empirically illustrate that action planning is effective in activating an 
adoption intention that was dormant for one whole week. Because action planning creates a 
strong mental association between the specified situational cue and the desired action, as soon as 
the cue is encountered, action is automatically trigged without the need for conscious 
deliberation about what needs to be done (Sheeran et al., 2001). Furthermore, as the creation of 
action plan delegates the control of the action initiation to the situational cue (rather than rely on 
effortful mode of self-control), there is a less of a need to draw upon self-regulatory resources for 
action initiation. Thus, specifying an action plan for goal pursuit conserves self-regulatory 
(cognitive) resources usually used up in effortful action control. Therefore, the saved resources 
can be directed for subsequent goal striving efforts. This pattern of enhanced subsequent goal 
striving was observed when we blocked participants’ initial attempts to visit the website. 
Compared to the goal intention only group, more participants from the action planning group, 
having conserved their self-regulatory resources, revisited the website even after being blocked 
for their first visit.   
The contribution of the study needs to be viewed in light of its limitations. As with any 
other research, our study suffers from a number of limitations. First, due to our study design, 
participants in the treatment group had to share their action plans with the experimenter (when, 
and where they will execute the target behavior). It is possible that the observed study results 
were caused by the process of public commitment rather than planning (Holland et al., 2006). 
The literature on public commitment has shown that the intention-behavior gap gets narrower 
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when the developed intentions are shared with other people (Schlenker et al., 1994). Second, we 
didn’t capture goal intention at time of action initiation, thus we don’t know for sure if the level 
of goal intention had remained exactly the same or has changed (increased or decreased) over the 
study period. Third, the study lapsed for one week that might have not been enough to reflect the 
effectiveness of action planning. Fourth, while IT acquisition represent an initial step in IT 
adoption we did not capture IT actual use, which might result into different conclusions 
regarding the role of action planning. Finally, we examined the role of action planning in the 
context of HIT, specifically mobile health and wellness applications, our findings might not 
generalize to other technologies or other contexts.  
The current study has a number of theoretical and practical contributions. The current study 
is expected to address the call for filling the intention-behavior gap in the IT adoption literature 
(Bagozzi, 2007; Venkatesh et al., 2008). The study empirically validates the role of action planning 
as a goal striving mechanism within the nomological network of IT adoption. Our findings 
empirically illustrate the role of action planning as a necessary element for translating IT adoption 
intention into IT adoption behavior even in the face of action impediments. Thus, we introduce 
action planning to the IS research community as a novel construct that can be used by researchers 
to understand intention-behavior inconsistencies in multiple IS phenomena, in addition to IT 
adoption.  
To add, the current study offers insights and practical recommendations for enhancing HIT 
adoption, more specifically health and wellness mobile applications. We highlight the role of 
action planning in activating stored intentions and bringing them to the forefront of our attention. 
From a practical standpoint, action planning is a simple, effective and a low cost solution for low 
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rate of IT adoption behavior in the HIT domain. Given the current stagnant rate of consumer HIT 
adoption over the past couple of years action planning presents a unique intervention. Practitioners 
can incorporate at the end of the description of their IT product or service an interactive interface 
requesting potential adopters to specify a plan for adopting the product or service, simply stating 
when/where/what they will do to adopt or use the IT.   
The current study offers multiple opportunities for future research. First, future research 
can closely examine the developed action plans, and examine the influence of their 
characteristics such as content (i.e., the matter contained in the plan), and structure (i.e., the level 
of hierarchal organization of the plan) on the efficacy of the developed plan for IT adoption 
(Mischel & Patterson, 1976). Second, future research can validate our findings and capture 
participants’ perceptions regarding their level of goal intention and level of ego depletion over 
the study period and at the time of action initiation. Third, future research should develop 
experimental study design that control for the influence of public commitment development due 
to the formation of action plan through. Fourth, future research should validate our findings with 
multiple data collection points over longer time horizon. Fifth, future research should validate 
our findings across different IT, multiple contexts, and multiple stages of adoption. For example, 
future research should examine the role action planning can play in promoting continuous use of 
IT (e.g., Bhattacherjee, 2001), facilitating IT switching (Polites & Karahanna, 2012), or reducing 
problematic IT use (Turel et al., 2011; Xu et al., 2012) in different contexts across different 
technologies.  Finally, future studies should examine the role of “reminders” and examine 
whether reminders regarding goal intentions versus reminders regarding action plans would have 
similar or different influences on action initiation.  
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APPENDIX 1-A 
 
Mobile Application Description  
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APPENDIX 1-A  
Form Filled by Participants to Develop Plans 
 
 
Sample of Plans Entries’ Created by Participants 
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APPENDIX 1-A  
Error Message Received When Visiting Website Earlier than Instructed 
 
 
 
Error Message Received When Visiting Website during Follow-up Week  
 
Note: 
Go Back link takes the participant to the main screen again to start over.   
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APPENDIX 1-B 
Online Community: Survey Items, Means (M), and Standard Deviation (SD) 
Construct # Item M SD 
Planning Disposition 
(Dholakia et al., 2007) 
(Cronbach’s Alpha = 
0.91) 
1 I set goals for the next few days for 
what I want to achieve with my time. 
5.36 1.27 
2 I decide beforehand how my time will 
be used in the next few days. 
5.16 1.30 
3 I actively consider the steps I need to 
take to stick to my time schedule the 
next few days. 
5.18 1.26 
4 I consult my planner to see how much 
time I have left for the next few days. 
4.76 1.61 
5 I like to look to my planner for the 
next few days in order to get a better 
view of using my time in the future. 
4.94 1.65 
6 It makes me feel better to have my 
time planned out in the next few days.  
5.37 1.31 
Mobile Application-
Perceived Ease of Use 
(Davis et al. 1989) 
(Cronbach’s Alpha = 
0.90) 
1 Learning how to use the described 
mobile application would be easy for 
me. 
5.77 1.01 
2 My interaction with the described 
mobile application is likely to be clear 
and understandable. 
5.80 1.07 
3 I expect the described mobile 
application to be easy to use. 
5.81 1.03 
4 It would be easy for me to become 
skillful at using the described mobile 
application. 
5.83 0.95 
Mobile Application- 
Perceived Usefulness  
(Davis et al. 1989) 
(Cronbach’s Alpha = 
0.90) 
1 I find the described mobile 
application useful in accomplishing 
my physical activity goals. 
5.68 1.06 
2 Using the described mobile 
application would increase my 
chances of achieving my physical 
activity goals. 
5.72 1.10 
3 Using the described mobile 
application would help me 
accomplish my physical activity goals 
more quickly. 
5.68 1.00 
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APPENDIX 1-B 
Online Community: Survey Items, Means (M), and Standard Deviation (SD) Cont. 
Construct # Item M SD 
Mobile Application- 
Perceived Usefulness  
(Davis et al. 1989) 
(Cronbach’s Alpha = 
0.90) 
4 Using the described mobile 
application would improve my 
physical activity level. 
5.78 1.03 
Mobile Application 
Acquisition-Behavioral 
Intentions 
(Davis et al. 1989) 
(Cronbach’s Alpha = 
0.93) 
1 I intend to check out the described 
mobile application in the next week. 
5.75 1.15 
2 I predict I would check out the 
described mobile application in the 
next week. 
5.67 1.15 
3 I plan to check out the described 
mobile application in the next week. 
5.80 1.06 
Mobile Application 
Acquisition-Facilitating 
Conditions 
(Venkatesh et al., 2003) 
(Cronbach’s Alpha = 
0.77) 
1 I have the resources necessary to 
check out the described mobile 
application. 
5.85 1.02 
2 I have the knowledge necessary to 
check out the described mobile 
application. 
5.87 1.02 
3 I can get help from others when I 
have difficulties checking out the 
described mobile application. 
5.63 1.17 
Mobile Application 
Acquisition-Behavioral 
Expectations 
(Venkatesh et al., 2008) 
(Cronbach’s Alpha = 
0.94) 
1 I expect to check out the described 
mobile application in the next week. 
5.68 1.20 
2 I will check out the described 
mobile application in the next week. 
5.66 1.24 
3 I am likely to check out the 
described mobile application in the 
next week. 
5.74 1.14 
4 I am going to check out the 
described mobile application in the 
next week. 
5.74 1.17 
Intention to Exercise 
(Milne et al., 2002) 
  I intend to partake in at least 10,000 
steps of daily brisk walking (or 
equivalent physical activity) during 
the next week. 
5.95 0.96 
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APPENDIX 1-B 
University Sample: Survey Items, Means (M), and Standard Deviation (SD) 
Construct # Item M SD 
Planning Disposition 
(Dholakia et al., 
2007) 
(Cronbach’s Alpha 
= 0.92) 
1 I set goals for the next few days for 
what I want to achieve with my time. 
4.89 1.50 
2 I decide beforehand how my time will 
be used in the next few days. 
4.60 1.51 
3 I actively consider the steps I need to 
take to stick to my time schedule the 
next few days. 
4.65 1.46 
4 I consult my planner to see how much 
time I have left for the next few days. 
4.29 1.95 
5 I like to look to my planner for the next 
few days in order to get a better view 
of using my time in the future. 
4.48 1.87 
6 It makes me feel better to have my time 
planned out in the next few days.  
5.13 1.60 
Mobile Application- 
Perceived Ease of 
Use 
(Davis et al. 1989) 
(Cronbach’s Alpha 
= 0.95) 
1 Learning how to use the described 
mobile application would be easy for 
me. 
5.77 1.18 
2 My interaction with the described 
mobile application is likely to be clear 
and understandable. 
5.72 1.23 
3 I expect the described mobile 
application to be easy to use. 
5.85 1.17 
4 It would be easy for me to become 
skillful at using the described mobile 
application. 
5.76 1.20 
Mobile Application- 
Perceived Usefulness  
(Davis et al. 1989) 
(Cronbach’s Alpha 
= 0.95) 
1 I find the described mobile application 
useful in accomplishing my physical 
activity goals. 
5.51 1.22 
2 Using the described mobile application 
would increase my chances of 
achieving my physical activity goals. 
5.40 1.36 
3 Using the described mobile application 
would help me accomplish my physical 
activity goals more quickly. 
5.34 1.32 
4 Using the described mobile application 
would improve my physical activity 
level. 
5.39 1.32 
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APPENDIX 1-B 
University Sample: Survey Items, Means (M), and Standard Deviation (SD) Cont. 
Construct # Item M SD 
Mobile Application 
Acquisition-
Behavioral 
Intentions 
(Davis et al. 1989) 
(Cronbach’s Alpha 
= 0.98) 
1 I intend to check out the described 
mobile application in the next week. 
5.04 1.64 
2 I predict I would check out the 
described mobile application in the 
next week. 
5.02 1.66 
3 I plan to check out the described 
mobile application in the next week. 
5.08 1.64 
Mobile Application 
Acquisition-
Facilitating 
Conditions 
(Venkatesh et al., 
2003) 
(Cronbach’s Alpha 
= 0.90) 
1 I have the resources necessary to check 
out the described mobile application. 
5.97 1.04 
2 I have the knowledge necessary to 
check out the described mobile 
application. 
5.92 1.08 
3 I can get help from others when I have 
difficulties checking out the described 
mobile application. 
5.75 1.18 
Mobile Application 
Acquisition-
Behavioral 
Expectations 
(Venkatesh et al., 
2008) 
(Cronbach’s Alpha 
= 0.99) 
1 I expect to check out the described 
mobile application in the next week. 
5.06 1.64 
2 I will check out the described mobile 
application in the next week. 
5.02 1.62 
3 I am likely to check out the described 
mobile application in the next week. 
5.09 1.62 
4 I am going to check out the described 
mobile application in the next week. 
4.99 1.65 
Intention to Exercise 
(Milne et al., 2002) 
  I intend to partake in at least 10,000 
steps of daily brisk walking (or 
equivalent physical activity) during the 
next week. 
5.39 1.23 
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APPENDIX 1-B 
Pooled Sample: Survey Items, Means (M), and Standard Deviation (SD) 
Construct # Item M SD 
Planning Disposition 
(Dholakia et al., 
2007) 
(Cronbach’s Alpha 
= 0.91) 
1 I set goals for the next few days for 
what I want to achieve with my time. 
5.15 1.39 
2 I decide beforehand how my time will 
be used in the next few days. 
4.91 1.42 
3 I actively consider the steps I need to 
take to stick to my time schedule the 
next few days. 
4.95 1.38 
4 I consult my planner to see how much 
time I have left for the next few days. 
4.55 1.78 
5 I like to look to my planner for the next 
few days in order to get a better view of 
using my time in the future. 
4.74 1.76 
6 It makes me feel better to have my time 
planned out in the next few days.  
5.26 1.44 
Mobile Application- 
Perceived Ease of 
Use 
(Davis et al. 1989) 
(Cronbach’s Alpha 
= 0.93) 
1 Learning how to use the described 
mobile application would be easy for 
me. 
5.77 1.09 
2 My interaction with the described 
mobile application is likely to be clear 
and understandable. 
5.76 1.14 
3 I expect the described mobile 
application to be easy to use. 
5.83 1.09 
4 It would be easy for me to become 
skillful at using the described mobile 
application. 
5.80 1.07 
Mobile Application- 
Perceived Usefulness  
(Davis et al. 1989) 
(Cronbach’s Alpha 
= 0.93) 
1 I find the described mobile application 
useful in accomplishing my physical 
activity goals. 
5.60 1.13 
2 Using the described mobile application 
would increase my chances of 
achieving my physical activity goals. 
5.58 1.23 
3 Using the described mobile application 
would help me accomplish my physical 
activity goals more quickly. 
5.53 1.16 
4 Using the described mobile application 
would improve my physical activity 
level. 
5.61 1.18 
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APPENDIX 1-B  
Pooled Sample: Survey Items, Means (M), and Standard Deviation (SD) Cont. 
Construct # Item M SD 
Mobile Application 
Acquisition-
Behavioral 
Intentions 
(Davis et al. 1989) 
(Cronbach’s Alpha = 
0.96) 
1 I intend to check out the described 
mobile application in the next week. 
5.44 1.43 
2 I predict I would check out the 
described mobile application in the 
next week. 
5.38 1.43 
3 I plan to check out the described 
mobile application in the next week. 
5.48 1.39 
Mobile Application 
Acquisition-
Facilitating 
Conditions 
(Venkatesh et al., 
2003) 
(Cronbach’s Alpha = 
0.84) 
1 I have the resources necessary to check 
out the described mobile application. 
5.90 1.03 
2 I have the knowledge necessary to 
check out the described mobile 
application. 
5.90 1.05 
3 I can get help from others when I have 
difficulties checking out the described 
mobile application. 
5.68 1.18 
Mobile Application 
Acquisition-
Behavioral 
Expectations 
(Venkatesh et al., 
2008) 
(Cronbach’s Alpha = 
0.97) 
1 I expect to check out the described 
mobile application in the next week. 
5.41 1.44 
2 I will check out the described mobile 
application in the next week. 
5.38 1.45 
3 I am likely to check out the described 
mobile application in the next week. 
5.45 1.41 
4 I am going to check out the described 
mobile application in the next week. 
5.41 1.45 
Intention to Exercise 
(Milne et al., 2002) 
  I intend to partake in at least 10,000 
steps of daily brisk walking (or 
equivalent physical activity) during the 
next week. 
5.71 1.22 
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APPENDIX 1-C 
 
Contingency Table for Website Visit by Intervention Group (Online Community Sample) 
 
  (1, N = 241) = 85.97, p < 0.001 
 
Note: 
 n: number of participants; e: expected number of participants 
 
Contingency Table for Website Visit by Intervention Group (Sample) 
 
 (1, N = 190) = 4.17, p < 0.05 
 
Note: 
 n: number of participants; e: expected number of participants 
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APPENDIX 1-D 
Pooled Sample: Inter-correlations of Study Variables 
 
Notes: 
1. GEN: Gender; EXP: Prior Experience with similar IT; PLD: Planning Disposition; PA_INT: 
Physical activity Intention; PU: Perceived Usefulness; PEOU: Perceived Ease of Use; BI_ACQ: 
Behavioral Intention to Acquire IT; BE_ACQ: Behavioral Expectation to Acquire IT; FC_ACQ: 
Facilitating Conditions to Acquire IT; APL= Action Planning.  
2. Off-diagonal cells represent constructs correlations while diagonal cells represent Cronbach’s 
alpha of the corresponding constructs.  
3. * p<0.05 
 
  
M SD 1 2 3 4 5 6 7 8 9 10 11 12
1 REVISIT 0.29 0.45 —
2 AGE 29.20 10.29 0.18* —
3 GEN 0.48 0.50 -0.05 -0.03 —
4 EXP 0.25 0.44 -0.04 -0.03 -0.02 —
5 PLD 4.93 1.29 -0.02 0.06 0.12* 0.07 0.91
6 PA_INT 5.71 1.12 0.01 0.19* 0.09 0.13* 0.28* —
7 PU 5.58 1.07 0.12* 0.15* 0.16* 0.07 0.36* 0.42* 0.93
8 PEOU 5.79 1.00 0.08 -0.04 0.10* 0.10* 0.28* 0.43* 0.69* 0.93
9 BI_ACQ 5.43 1.38 0.09 0.19* 0.08 0.10* 0.25* 0.37* 0.52* 0.46* 0.96
10 BE_ACQ 5.41 1.38 0.09 0.21* 0.08 0.11* 0.27* 0.41* 0.57* 0.48* 0.93* 0.97
11 FC_ACQ 5.83 0.94 0.14* -0.01 0.08 0.12* 0.23* 0.36* 0.56* 0.69* 0.43* 0.44* 0.84
12 APL 0.48 0.50 0.40* 0.04 -0.05 -0.05 -0.01 0.00 -0.04 0.01 0.02 0.02 0.02 —
Variables
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Pooled Sample: Mediation Analysis  
 
 
 
  
Hypothesis DV Adjusted_R
2 IV B SE (B) β
BI_ACQ 16%*** PA_INT 0.41 0.06 0.34***
GRP -0.43 0.13 -0.15**
H1 PU 17%*** PA_INT 0.39 0.04 0.41***
GRP -0.09 0.10 -0.04
H2 PEOU 19%*** PA_INT 0.40 0.04 0.45***
GRP 0.20 0.09 0.10*
H3 PU 50%*** PEOU 0.69 0.04 0.64***
PA_INT 0.11 0.04 0.12**
GRP -0.23 0.08 -0.11**
H4 BI_ACQ 33%*** PU 0.40 0.07 0.31***
H5 PEOU 0.27 0.08 0.19**
PA_INT 0.15 0.06 0.12**
GRP -0.45 0.11 -0.16***
0.27 0.04 0.22***Indirect effect of PA_INT
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APPENDIX 1-E 
Research Compliance Protocol Letter 
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APPENDIX 1-F 
Research Compliance Protocol Letter  
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CHAPTER 3 
ESSAY 2 
GOAL STRIVING IS BEYOND PLANNING: THE ROLE OF FEEDBACK IN 
ENHANCING GOAL STRIVING 
 
INTRODUCTION  
According to the World Health Organization’s projections for 2030, poor health behaviors 
will unfortunately lead, among other factors, to about 51.5 million deaths or 76 percent of the 
global mortality and burden of disease (WHO). It is neither practical nor possible for any health 
care system to support every individual in need of changing his/her health behaviors (Drozd et al., 
2012). Thus, the need for an effective consumer-centric health-care system, where patients take 
active control of their health and well-being, has been emphasized by practitioners and scholars 
(Agarwal et al., 2010). Successfully achieving health-related goals might require people to follow 
techniques facilitating behavior acquisition, behavior maintenance, or disengagement from current 
behavior. As a result, meeting the goals of the Healthy People 2010 will require interventions that 
can change the course of human behavior by acquiring new behaviors (e.g., cancer screening, 
eating more servings of fruits and vegetables, and compliance with medication), modifying current 
behaviors (e.g., physical activity, dietary fat content, and fiber consumption), and stopping health-
risk behaviors (e.g., smoking, unprotected coitus, illegal drug use, and sharing needles).  
Research geared toward investigating the use of “behavior change support systems” 
(BCSS), (i.e. various technologies such as internet, web, and mobile based systems and 
applications in supporting individuals’ behavior), has been rapidly expanding (Fogg, 2003; 
Oinas-Kukkonen & Harjumaa, 2009; Oinas-Kukkonen, 2010; Fanning et al., 2012). Across 
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different health-contexts and different technologies, the use BCSS has showed potential 
(Chatterjee & Price, 2009). Three focal areas in the health domain were subject to intense 
investigation for the use of BCSS (for a review, see Lustria et al 2009): (a) physical activity 
(Consolvo et al., 2006; Lin et al., 2006; Harjumaa et al., 2009; Buttussi and Chittaro 2010); b) 
weight management (Lehto & Oinas Kukkonen, 2010); and c) substance abuse (e.g., smoking 
cessation (Brendryen et al., 2010), and alcohol abuse (Lehto & Oinas Kukkonen 2011).   
 Due to the grave consequences of sedentary behavior and the potential benefits of 
increasing the level of physical activity among general population, the health industry is occupied 
with identifying novel ways to promote physical activity. In addition to that, the widespread use 
of mobile phones, being always carried by users, their growing technological features, and the 
outstanding growth in the number of applications promoting for health and wellness in application 
markets make mobile platform a perfect candidate for delivering highly tailored interventions with 
high temporal synchronization at a very low cost. As a result, we are going to focus in this essay 
on the use of mobile phones for promoting physical activities.  
 In the context of developing BCSS for mobile platforms, a number of studies yielded 
promising result in promoting physical activity where native applications have been developed to 
track physical activity information (e.g., Mattila et al., 2008; Consolvo et al., 2008), leverage 
social influence (e.g., Consolvo et al. 2006; Gasser et al., 2006 ), and utilize gamification (e.g., 
Buttussi and Chittaro, 2010). For example, Mattila et al. (2008), developed a wellness diary, a 
sort of a journaling application, through which users can log a wide variety of health-related 
activities, among which are physical activity, mood, stress, and sleep. Another example, 
Consolvo et al. (2006) developed an early mobile application, Houston, which facilitates tracking 
user’s physical activity and making it available to relevant others. Houston users can share 
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progress toward their daily step goals with their ‘‘fitness buddies’’ and exchange messages for 
motivating each other. Finally, Buttussi and Chittaro (2010) developed a user-adaptive fitness 
game, where the users were trained through the game to jog outdoors with precise intensity. 
Although conducted studies yielded promising results, there is a huge opportunity for 
advancement. To start with, Holzinger et al. (2010) pointed to the several flaws in the majority of 
wellness applications (e.g., extended amount of data entry by the users), and pointed to a number 
of opportunities to advance the effectiveness of applications (e.g., the incorporation of reminders 
as well as projection of results into future).To add, while mobile phones are making it easier for 
designers to implement BCSS, designers still need to know among all possible features to 
include in mobile applications design which design features are essential to support behavior 
change (Langrial et al., 2011). Finally, a recent review made by Riley et al. (2011) investigating 
the efficacy of mobile-health applications noted that the development of mobile-based 
intervention could benefit from greater application of health behavior theories, but which theory 
among the various health behavior theories to follow is a debatable issue. Thus, while anecdotal 
evidence and research findings depict that various interventions have a potential to change health 
related behavior (for a review, see Fanning et al. 2012; Klasnja & Pratt, 2012), yet, the pressing 
questions still unanswered are why, how, and for whom mobile-based interventions might be 
helpful? (Resnicow et al., 2010).   
Against the backdrop of the literature, the main objective of the current essay is to 
advance the literature pertaining to BCSS in health domain, by identifying and empirically 
testing the effectiveness of theoretically-based interventions geared toward changing BCSS users 
health-related behaviors. Through leveraging self-regulation theory we focus on investigating the 
effectiveness of two goal striving mechanisms, namely action planning and feedback, in 
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changing BCSS users’ health-related behavior. We propose that in the context of physical 
activity promotion, technology based action planning and feedback will have complementary 
effects in facilitating the achievement of target behavior goals. In the next section, we tackle the 
theoretical paradigms currently informing BCSS and we shed light on their limitation. Moreover, 
we discuss self-regulation theory and its regulatory mechanisms (i.e. action planning and 
feedback) in details. 
 
THEORITICAL BACKGROUND & HYPOTHESES DEVELOPMENT 
Theoretical Paradigms Underlying BCSS  
In providing theoretical anchoring for the BCSS model, Oinas-Kukkonen and Harjumaa 
(2009) built heavily on theories of attitude (e.g., elaboration likelihood model (ELM) (Petty & 
Cacioppo, 1986), and theory of planned behavior (TPB) (Ajzen, 1991), which have been vastly 
used to predict behavioral changes (Webb et al., 2010). 
The essence of attitude theories is that a set of modifiable beliefs shapes people’s 
intentions to behave in specific ways. Intentions in turn are considered to determine behavior 
directly. In general, variations among the different models might pertain to the examined set of 
beliefs or the paths that might influence behavior directly, or both. As a result, building on TPB, 
interventions would target behavioral intentions and perceived behavioral control respectively. 
 ELM, focused on changing attitude as a mean to change behavior, yet it places more 
emphases on the characteristics of the persuasive communication bringing the change (Petty & 
Cacioppo, 1986). Briñol and Petty (2009) have described how persuasion typically takes place: 
“… a person or a group of people (i.e., the recipient) receives an intervention (e.g., a persuasive 
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message) from another individual or group (i.e., the source) in a particular setting (i.e., the 
context)” (p.71). Persuasion is successful when the recipient changes his/her attitude toward the 
behavior about which the persuasive message was received. Changes in attitude are assumed to 
be succeeded by a change in behavior. ELM delineates two routes (central and peripheral) 
through which attitude change can result from receiving a persuasive message. The central route 
to persuasion involves careful scrutiny of the arguments in the message by its recipient, which 
require the recipient to be motivated and able to process the message. When the recipient’s levels 
of motivation or ability are low, persuasion will take place through a peripheral route based on 
simple heuristics, such as the credibility of the message source. Thus, interventions built on ELM 
will target variables that might influence a person’s motivation or ability, or both to process a 
persuasive message (Jones et al., 2003).  
 While theories of attitude have informed the literature of behavior change, they have a 
common limitation that might influence their appropriateness for designing interventions. 
Attitude theories make the critical assumption that developing an intention to behave in a 
specific way will automatically lead to the intended behavior (Bagozzi, 1992). However, when 
the intention-behavior link has been closely examined results have shown that a medium-to-large 
change in intention leads to a small-to-medium change in behavior (for a review, see Sheeran, 
2002; Webb & Sheeran, 2006). Furthermore, attitude theories have left the mechanism through 
which formed intentions are translated into behavior unexplored. To summarize, in order to 
design effective interventions to fill the gap between intentions to change health-related 
behaviors, and actual change in behavior there is a need to go beyond existing theories of 
attitude, and go beyond investigating intention as the most proximal antecedent to physical 
activity.  
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Riley et al. (2011) argued that the predominately linear and static nature of theories of 
attitude “severely limits their ability to guide the dynamic, adaptive interventions possible via 
mobile technologies” (p.55). Even more, Riley et al. (2011) argued that “… interventions require 
health behavior models that have dynamic, regulatory system components to guide rapid 
intervention adaptation based on the individual’s current and past behavior and situational 
context” (p. 54). Compared to theories of attitude, upon which BCSS and other interventions 
have heavily relied in health-domain, we believe that self-regulation theory (Carver & Scheier, 
1998), which we are about to discuss, has the potential to serve as a blueprint for designing IT-
based interventions aiming for behavior change (Riley et al., 2011).  
Self-regulation Theory 
Many writers use the terms self-control and self-regulation interchangeably, but those 
who make a distinction typically consider self-control to be the deliberate and conscious subset 
of self-regulation (de Ridder & de Witt, 2006), which can take place both consciously and 
unconsciously (Lord et al., 2010). Self-regulation entails processes that translate beliefs into 
intentions, and intentions into actions leading to goal attainment (Bagozzi, 1992; Lord et al., 
2010). At the center of most theories of self-regulation is the idea that people set goals and 
compare their progress against the goals (Figure 3.1). If there is a discrepancy between a goal 
and the current state, people make modifications to their behaviors, cognitions, emotions, or 
goals. These processes and their interrelationships comprise the negative feedback loop, which 
consists of an input function, target goals, a comparator to assess the discrepancy between 
observed behavior and target goals, and an output function (Carver & Scheier, 1998). Tying self-
regulation theories back to theories of attitude, it appears that theories of attitude are focusing 
only on the determinants of goals development (e.g., losing weight, or exercising regularly, or 
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quitting smoking) and overlooks how goals are going to be achieved. To sum up, self-regulation 
theory has the potential to explain the essential mechanisms to translate intentions into actions. 
Depending on what part of the self-regulation processes is under study, research streams 
investigating self-regulation could be categorized around three broad research questions: How 
goals guide behavior (Carver & Scheier, 1998), why people fail in maintaining the pursuit of 
their goals (Baumeister et al., 1998), and how people might increase the likelihood of acting 
upon their intentions and achieve their goals (Gollwitzer, 1996). To start with, Carver and 
Scheier (1998) approach self-regulation as a set of goal-performance discrepancy-reducing 
feedback processes entailing behavior and affect monitoring, appraisal, and coping. Although 
their approach highlighted the processes underlying self-regulation, it didn’t explain how the 
self-regulatory processes are implemented (de Ridder & de Witt, 2006). 
 
 
Figure 3.1 Self-regulation Model (Carver & Scheier, 1998) 
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To add, Baumeister and colleagues (1998) anchored the success of self-regulation 
attempts entirely on the availability of self-regulatory resources. In that framework, inhibiting 
emotions, urges, or desires causes ego depletion, i.e., depletion of what is thought to be a limited 
self-regulatory resource, and therefore makes continued exhibition of self-regulation, even in 
unrelated domains, less likely. Research has been equivocal about the nature of self-regulatory 
resources (Gailliot et al., 2007), but more recently, research suggested that failure of subsequent 
self-regulatory attempts occurs due to temporary shifts in both motivation to exert control and 
attention to cues signaling need for control that take place after self-regulation efforts are 
exhibited (Inzlicht & Schmeichel, 2012). The resource approach, despite its relevance for 
understanding self-regulation failure, has some trouble in explaining how people may achieve 
successful self-regulation.  
Finally, a number of theories have been proposed adopting the view that the process of 
successful goal striving can be best described as passing through a number of distinct stages and 
suggest factors that might influence the transition from one stage to another (e.g., model of 
action Phases (Heckhausen & Gollwitzer, 1987) and theory of implementation intentions 
(Gollwitzer, 1996)), which we are going to discuss in the following section. 
To summarize, central to self-regulation theories there is a goal that a person would like 
achieve, the person is an active agent in shaping his own cognition, emotion, and behavior, and 
volitional processes which are needed for successful goal striving. At the very basic level of the 
volitional processes exists a plan developed to achieve the goal and an evaluation of the extent to 
which the goal is attained through feedback. This makes self-regulation perspective very close in 
nature to the “Test-Operate-Test-Exit” (Miller et al., 1960). Our choice of self-regulation theory 
as an overarching theoretical framework for Essay 2 stems not only from the recommendations 
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made in the IT literature (e.g. Bagozzi, 2007; Riley et al. 2011), but also from the recent 
recommendations made in the health behavior literature (e.g., Bandura, 2005;  de Ridder & de 
Witt, 2006), where de Ridder & de Witt (2006) suggested that: “… applying a self-regulation 
approach to critical issues in health behavior will result in a better understanding of why and 
when people effectively invest in their long term health than traditional approaches so far have 
done” (p. 2). 
Action Planning 
Planning is considered as one of the frequently applied techniques for changing a wide 
array of health related behaviors (e.g., physical activity, healthy and unhealthy eating, smoking, 
alcohol consumption, workplace health and safety, cancer screening as well as other behaviors 
(for a review, see Hagger et al., 2014)). There are numerous reasons for why planning has 
attracted so much attention in the health domain, among which are strong theoretical foundation, 
parsimony, ease of delivery, and low cost of administration. The most important reason is that, 
whether used as a standalone intervention or as component of a program involving multiple 
techniques for changing target behavior, planning proved itself as an effective component in 
overcoming what is known as the “intention-behavior” gap in health-domain in general 
(Bartholomew et al., 2011), That gap, referring to imperfect relation between intentions to 
perform a particular behavior and actual behavioral engagement, has been identified in multiple 
domains (for a review, see Webb & Sheeran, 2006), among which is the physical activity domain 
(Rhodes & Yao, 2015). Drawing on the research investigating the consistency between intentions 
and actual behavior (for a review, see Sheeran et al., 2001), forming an action plan or an 
implementation intentions, rather than mere goal intentions, appeared to results in higher 
likelihood of fulfillment of an intended action or a goal (Gollwitzer & Sheeran, 2006).  
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While goal intentions involve statements of the form: “I intend to do Z” or “I want to 
reach Z” (Sheeran et al., 2001)¸ implementation intentions involves statements of the form: ‘‘If 
situation Y occurs, then I will initiate behavior X in order to obtain outcome Z!”. Thus, the main 
difference between goal intentions and implementations intentions is that goal intentions specify 
what one wants to accomplish while implementations specify what action(s) one will perform to 
accomplish that goal, when to perform, and where the action(s) will be performed. By forming 
implementation intentions, a person passes the burden of remembering what needs to be done to 
specific pre-selected situational cues (Sheeran et al., 2001; Gollwitzer & Sheeran, 2006). As a 
result, planning interventions represents a promising avenue of inquiry to resolve this issue in 
theory-based research on health behavior change (Adriaanse et al., 2011; Bélanger-Gravel et al., 
2013; Gollwitzer & Sheeran, 2006; Sheeran et al., 2005; Webb et al., 2010).  
While planning has been found to be effective in promoting physical exercise (e.g., 
Gellert et al., 2012; Prestwich et al., 2010; Conner et al., 2010;), the dominant delivery method 
has been built around non IT based tools such as pen-and-paper exercise specifying “when” and 
“where” target behavior will be executed (Orbell et al., 1997). Very scant attempts had been built 
around IT-based action planning interventions (i.e., the use of IT for planning when, where, and 
what needs to be done to achieve a goal) to promote physical exercise (e.g., Prestwich et al., 
2010). Prestwich et al. (2010) asked their participants to develop their plans using a “paper-and-
pen” exercise, reminders about the targeted goals as well as the plans were delivered to 
participants by using short messages services (SMS). More recently, Lyons et al. (2014) 
analyzed the implemented behavior change techniques in 13 popular physical activity trackers 
(e.g., Fitbit, Nike, and Polar), they found that action  planning, which is associated with 
successful physical activity intervention was uncommon or absent from the examined activity 
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trackers.  Outside the context of promoting physical activity some attempts were made to transfer 
the “paper-and-pen” plan development to electronic environment, where participants are 
prompted to type rather than write the cues to action (e.g., sun screen use (Craciun et al., 2012); 
alcohol consumption (Hagger et al., 2012), snacking (Tam et al., 2010)). This approach 
minimizes any method variance that could be introduced due to the presence of a researcher, 
facilitator, or practitioner, as result it facilitate pinpointing the effects of the intervention 
components alone (Hagger et al., 2014).  
Before concluding the section discussing the benefits of IT-based planning, it is 
warranted to discuss the role of reminders in enhancing the influence of planning on goal 
achievement. The best laid plans can be meaningless if we don’t remember to execute them. 
Plans for acting adopt a future orientation for executing behavior and consequently is expected to 
reside in prospective memory (McDaniel & Einstein, 2007). Research in prospective memory 
domain advocates the use of reminders for successfully completing plans (McDaniel et al., 2004) 
because reminders buffer memory against distraction (McDaniel et al., 2004) and decay (Tobias, 
2009) through promoting strong associations between the planned actions and the future context 
in which they should be executed (Gollwitzer, 1999). In general, reminders can be “internal” 
such as “mental note” or “external” such as “post-it” physical or technology based reminders 
(post it note or alarm on mobile phone). We believe that IT, especially mobile devices, provide a 
great opportunity to combine action plans and reminders on the same platform, thus reducing the 
burden of having to remember the developed plan. 
Thus, it could be concluded based on prior discussion that incorporating action plans in 
an IT-based interventions by asking the users to specify when, where, and what they intend to do 
to achieve their health-related target goal would lead to higher likelihood of goal achievement 
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relative to IT-based interventions that does not ask the users to specify plans for executing the 
targeted behavior.  
Feedback 
There are various techniques people could use to change their behavior and providing 
people with feedback on their performance has been one of the commonly used techniques (Kluger 
& DeNisi, 1996). Performance feedback may be understood to work by directing attention toward 
a discrepancy between an expected or desired state and reality (Kluger & DeNisi, 1996). When 
present, this discrepancy may encourage the recipient to generate increased effort toward the goal, 
especially if the next steps or sub-goals are clear. Alternatively, the feedback may be perceived as 
inaccurate and disregarded, or the feedback may result in the recipient revising their goal to make 
it more achievable (Carver & Scheier, 1998). Obtaining feedback on goal progress is central to the 
task of identifying the need to adjust a behavior toward a desired goal. Feedback involves 
periodically noting one’s current state and comparing these perceptions with salient reference 
value (Carver & Scheier, 1998). The need to adjust (i.e., regulate) behavior arises when there is a 
discrepancy between people’s current state and their desired state as defined by their standards.  
Thus, the need to regulate behavior will be difficult to identify when the person (i) does not have 
appropriate standards against which to compare the current state, (ii) does not monitor the relation 
between the current and desired state, or (iii) does not construe the discrepancy as requiring action 
(Carver & Scheier, 1998).  
Feedback importance for enhancing performance has been evident across multiple 
theoretical frameworks, such as goal-setting theory (Locke & Latham, 1990), self-regulation 
theory (Carver & Scheier, 1998), and social cognition theory (Bandura, 1991). By providing 
information on how close individuals are to their goals, feedback signals how much effort is 
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required to achieve target goals and provide an evaluation regarding the efficiency of the strategies 
pursued to achieve target goals (Carver & Scheier, 1998). Meta-analyses of behavior change 
studies have highlighted the importance of feedback as an essential technique for promoting 
physical activity (Dusseldorp et al., 2013; Michie et al., 2011; Michie et al., 2009). Providing 
feedback to change health behavior is considered as the atomic part of intervention. In a meta-
analysis conducted by Michie et al. (2009), about 50% of the 120 analyzed studies provided data 
about recorded behavior or evaluated participants’ performance in relation to a set standard or 
others’ performance.  
The effectiveness of using mobile technology to increase physical activity behavior 
received some preliminary support in recent reviews and meta-analyses. A recent meta-analysis 
by Fanning and her colleagues (2012) illustrates in general that mobile devices have been used 
primarily as data collection methods (e.g., users report their activity level via SMS) or as a support 
tool for a broader behavior change program that is not fully automated (e.g., feedback is provided 
via SMS to support face-to-face counselling occurring at later points in time).  
With the rapid growth in mobile technology, physical activity trackers such as Fitbit, 
Misfit, Jawbone, and Garmin trackers, which rely on wearable sensors integrated with mobile 
applications and web interface, offer the user a non-stop feedback regarding their physical 
activity. Built-in accelerometers allow users to accumulate, automatically, their physical activity 
data with high degree of accuracy while mobile applications and web-interfaces allow users to 
maintain an updated record of their physical activity accessible on their demand. Thus, physical 
activity trackers provide their users’ with continuous monitoring and feedback pertaining to their 
physical activity level. To the best of our knowledge, there is a scant number of attempts, if any, 
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to investigate the effectiveness of using physical activity trackers with wearable sensors and 
integrated web interface/mobile component on enhancing users physical activity levels. 
Although interventions utilizing IT-based feedback (i.e., feedback generated via IT tools) 
were generally effective, our understanding of the efficacy of the IT-based feedback component 
by itself is still limited. Unfortunately, the over simplistic approach for feedback provision via 
mobile technologies does not ensure effective intervention methods. The influence of feedback 
on performance is complicated and it hinges on different attributes of the feedback (e.g., source; 
timing, specificity, sign, type, scope (i.e. the number of issues covered by feedback), frequency 
(for a review, see Kluger & DeNisi, 1996), thus theoretical frameworks relevant to feedback 
should be leveraged to help identify when and for whom feedback is effective. To the moment of 
writing this paragraph, there is controversy about whether feedback given at the individual level 
is effective or influential in promoting health-related behaviors. The controversy is fueled by 
reports and meta-analyses of feedback intervention studies that fail to clearly delineate the type 
of feedback being examined and the proposed mechanism(s) of action (DiClemente et al., 2001). 
While the need to acquire feedback about progress toward a goal is not a matter of debate, 
generally speaking, the controversy is about the effectiveness of feedback in drawing people 
closer to their goals. In their seminal work, Kluger and DeNisi (1996) emphasized that feedback 
could be characterized as a “double edged sword”. The puzzling effects of feedback on goal 
achievement trigger the need to understand when feedback might be functional or dysfunctional 
and how should mobile-based feedback regarding physical activity be designed.  
Kluger and DeNisi (1996) pointed in that feedback could be essentially dysfunctional 
when feedback cues diverts the locus of attention of a person away from the task and closer to 
the self. Where changes of the locus of attention may cause performance loss due to “depletion” 
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of cognitive resources that is essentially required for the execution of the task at hand (see also, 
Kanfer & Ackerman, 1989). We believe that a closer examination of feedback attributes might 
enrich our understanding about the feedback dysfunctionality.  
To elaborate, IT-based intervention, especially mobile-based interventions, can provide 
instant feedback to its users. Physical activity trackers provide feedback on multitude of 
activities such as number of steps taken, active (versus sedentary) minutes, distance traveled, 
heart rate, diet, and sleep. On the one hand, as users tend to monitor and receive feedback about 
more dimensions of their physical activity; (i.e., as the scope of feedback gets wider), users will 
garner more feedback, and as a result be more conscious about their performance and enhance 
their goal achievement. On the other hand, as the frequency of received feedback notifications 
tend to be closely related to the number of dimensions about which feedback is provided (i.e. 
scope or breadth of feedback), the wider the scope  of feedback the more feedback notifications 
users will receive compared to a situation where they might have focused on smaller set of 
dimensions to track. 
While it is generally assumed in the feedback literature that the more feedback the better 
the performance (Salmoni et al., 1984), prior research overlooks to a great extent the cognitive 
demands associated with high feedback frequency and how detrimental these cognitive demands 
can be to performance (Lam et al., 2011). Following Kluger and DeNisi (1996) logic, when the 
provided performance feedback is framed closer to the self-level (i.e., how good am I?) and 
further away from the task-level (i.e., how do I improve?), the interpretation of the feedback 
diverts cognitive resources away from where it is needed (i.e. task performance) shifting the 
resources towards the negative affective status arising from self-focus (Lam et al., 2011).  
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Kanfer and Ackerman (1989) posit that people have finite cognitive capacity that can be 
allocated across three areas when learning a new task: on task, off-task, and self-regulation 
associated with feedback processing. Consequently, when feedback frequency increases, 
feedback is assumed to have positive effect on performance up to a certain point, beyond that 
point feedback processing becomes overwhelming leaving less cognitive resources for task 
performance. Thus, building on “resource allocation” (Kanfer & Ackerman, 1989) and “ego 
depletion” (Baumeister et al., 1998) frameworks it could be argued that feedback cues 
themselves might deplete available cognitive resources, especially when they are provided with 
high frequency, hence, leave less cognitive resources to attend to the needed tasks. To 
summarize, given that learning a new task closely resembles learning a new behavior, it could be 
argued that the use of IT to monitor behavior and provide feedback is expected, in general, to 
enhance goal achievement yet there are number of characteristics that might act as boundary 
conditions for the influence of feedback provision on behavior.  
Hypotheses 
H1: IT-based action planning will positively influence the perceived level of physical activity goal 
realization 
H2: IT-based feedback will positively influence the perceived level of physical activity goal 
realization 
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  Figure 3.2 Essay 2 Research Model 
 
METHODOLOGY  
To empirically test our hypotheses, we conducted a field experiment collecting responses 
from members of Major University in the Midwest. Data were collected at two points in time, 
which were one week apart. In this section, we describe the participants, measurement, and data 
collection procedure. 
Procedure 
A field experimental design was followed (one control and one treatment groups). 
Participants were invited through an email list serve of major university in the Midwest. The 
cover story used was an invitation of participants to evaluate the usability of a commercially 
available fitness tracking wearable device (Fitbit_Flex™) (APPENDIX 2-A). Potential 
participants were asked to take a pre-study screening survey. Respondents who took the survey 
were filtered out in one of the following conditions: a) had a physical or health condition 
preventing them from participation in self-guided physical activity, b) didn’t agree to wear the 
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fitness tracker during the study period, or don’t have access to supporting IT (smart phone, 
personal computer, or internet), or c) didn’t have the intention to partake in physical activity 
within a month from filling in the pre-study screening survey (APPENDIX 2-B). 
Participants who passed the eligibility screening were invited to setup two visits with the 
researcher, which are one week apart, at the research lab. During the first visit, the participants 
took the baseline survey, received their fitness trackers, and created their users’ accounts. The 
base line survey captured the participants’ perceptions regarding exercising in general and 
toward fitness tracking technology used in the study, in addition to baseline physical activity 
levels, and a number of demographic and psychographic characteristics. Participants’ accounts 
were created using pre-specified login accounts provided by the researcher, which gave the 
researcher an access to the created accounts. Participants were randomly assigned to one of two 
groups: members of the treatment group were asked to develop daily action plans over the study 
period, specifying when, where, and what they will do to engage in medium intensity physical 
exercise (10,000 steps/day), and to  set the action plan on the calendar of their mobile phones to 
serve as a reminder of their created plans (APPENDIX 2-C includes a sample of the participants 
developed plans). On the other hand, control group were neither requested to set an action plan 
nor requested to set reminders on their phone. Furthermore, we decided not to manipulate the 
level of generated feedback but rather decided to let participants self-select their level of 
desirable feedback.  
Our decision to let the level of feedback vary freely between subjects was informed by 
the results of a qualitative study we conducted earlier to understand how much feedback is 
considered desirable by users of fitness tracking wearable devices. Participants in the study were 
recruited from an online community (n = 41, 46% women, and mean (SD) age 39.9 (12.8) years). 
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The results of the study indicated that users prefer to receive feedback only when requested (46% 
of the sample preferred to receive feedback only when they request it, 32%  of the sample 
preferred to receive feedback only once per day, 15%  of the sample preferred to receive 
feedback only twice per day, and 7%  of the sample preferred to receive feedback only twice per 
day). 
One week after the initial lab visit, participants returned back to the lab to hand back their 
fitness trackers and take the follow-up survey. The follow-up survey captured participants’ 
perceptions about their use experience as well as their perceptions regarding the extent of their 
physical activity goal realizations and their formulated plans toward achieving their physical 
activity goals over the week of the study. By having access to participants fitness tracking 
accounts, objective data were collected pertaining to the participants physical activity level 
(Figure 3.3).  
Measures 
We used validated scales whenever possible. We captured perceived realization of 
physical activity goal by adapting measures developed by Dholakia et al. (2007). Also, we 
captured actual level of goal realization by using data collected via the fitness tracking device. 
We operationalized the scope of the received feedback from the fitness tracker by measuring the 
extent of using the fitness tracking device adapted from Venkatesh et al. (2008) (where 1 ‘no use 
at all’ to 7 ‘heavy use’). In addition to the focal variables to our study, we captured participants’ 
intention to use the fitness tracking device by adapting behavior intention measure from Davis et 
al. (1989). The frequency of receiving feedback notifications from the fitness tracking device 
was captured by adapting Davis et al. (1989) frequency of IT use scale. Finally, ego depletion 
was measured by using the state self-control capacity scale developed by Twenge et al. (2004). 
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We also controlled for some variables that might influence our results, such as participants 
intention to engage in physical activity over the study period, which was captured using Milne et 
al. (2002) validated measure for physical activity intention. To add, we control for participants 
planning disposition by using developed scale from Dholakia et al. (2007). Furthermore, to check 
for the success of our manipulation we used plan completeness scale adapted from Dholakia et 
al. (2007). All of the mentioned constructs were measured on a seven-point Likert scale 
(APPENDIX 3-D includes measures, detailed items, with means and standard deviations.) 
 Study Sample 
 A total of 137 participants completed the initial eligibility screening among which 110 
were randomized during the recruitment period. Fifty-six (56) participants were allocated to the 
treatment group and 54 in the control group. Three participants were lost to follow-up in each 
study group and were excluded from the analyses. Thus, the final sample size included in all 
subsequent analysis is 104 participants with 53 participants allocated to the treatment group and 
51 participants allocated to control group (Figure 3.3). 
The study sample was 68% female, 59% college graduates, 81% non-Hispanic White, 
and with a mean (SD) age of 31.5 (11) years. About 27% of the participants reported previously 
using a fitness tracking technology (i.e. wearable device, web or mobile application) to monitor 
physical activity levels. Participants’ baseline physical activity (number of days participants 
exercised in a typical week) had a mean (SD) of 3.6 (1.8) days of exercise. Furthermore, 67% of 
the participants walked on average less than 10,000 steps on a typical day. Finally, participants’ 
dispositions to plan their activities had a mean (SD) of 4.8 (1.2) when assessed using a Likert 
scale (ranges from 1 ‘almost never true’ to 7 ‘almost always true’) (Cronbach’s alpha = 0.90). 
Moreover, intention to meet the daily recommended level of physical activity (10,000 steps) 
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recommended by the US ministry of health and the intention to use the fitness tracker during the 
week of the study had a mean (SD) of 6.4 (0.74) and 6.7 (0.53) respectively when assessed using 
a Likert scale (ranges from 1 ‘strongly disagree’ to 7 ‘strongly agree’). We compared the 
treatment and control groups for significant differences on the discussed characteristics. Based 
on the reported results in Table 3.1, we can conclude with confidence that randomization 
achieved comparable groups on all characteristics of interest.  
Manipulation Checks 
To assess whether participants successfully developed a plan that linked situational cues 
with behavioral responses, a manipulation check was administered during the follow-up survey. 
More specifically, two items checked whether the present procedure succeeded in inducing the 
required cue–response relationship (i.e., ‘I developed a plan of action to carry out my decision to 
be physically active over the past week’; ‘the plan I have made to carry out my decision to be 
physically active over the past week can be considered to be complete (comprehensive and 
detailed’) (Cronbach’s alpha = 0.84 ). We expected that participants in the treatment group to 
have, on average, a higher perception of the extent to which they developed an action play to 
carry out their decision to be physically active relative to control group. 
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Figure 3.3 Essay 2 Participant Flow   
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Table 3.1 Sample Characteristics at Baseline by Intervention Group and for All 
Participants 
Characteristic Intention + 
planning 
group, n = 53 
Intention 
only group, 
n = 51 
All, n= 104 Group 
differences 
p-value 
Gender, Female, % 70% 67% 68% 0.73 
Highest Education Level, 
College Graduate % 
55% 63% 59% 0.41 
Ethnicity, White, % 85% 76% 81% 0.28 
Prior FTT Use, No, % 75% 71% 73% 0.58 
PLD , mean (SD) 4.96 (1.21) 4.57 (1.20) 4.80 (1.20) 0.10 
Age, mean (SD) years 30.72 (11.45) 32.39 (10.62) 31.50 (11.00) 0.44 
PA, daily steps ≤ 10,000 60% 73% 67% 0.20 
PA, exercise days , mean 
(SD) 
3.74 (1.84) 3.41 (1.73) 3.60 (1.80) 0.36 
PA_INT, mean (SD) 6.38 (0.84) 6.45 (0.64) 6.40 (0.74) 0.62 
Intention to use FTT, mean 
(SD) 
6.73 (0.44) 6.69 (0.62) 6.70 (0.53) 0.68 
 
Notes: 
1. FTT = Fitness Tracking Technology; PLD = Planning Disposition; PA = Physical Activity; 
PA_INT= Physical Activity Intention. 
2. P-value column illustrates p-value for relevant test statistics (Pearson’s χ2 for categorical 
variables and t-test for continuous variables). Significance level of .05 was used to examine the 
statistical significance of the reported p-values. Moreover, Hotelling's T-squared test was used to 
examine the equality of means across the treatment and control groups and there was no 
statistically significant difference (p-value=0.52) between the two groups at Significance level of 
0.05. 
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RESULTS  
Manipulation Checks 
A one-way ANOVA test was conducted, with group membership as a factor and the 
extent of perceived action planning as a dependent variable. This analysis showed that the 
condition manipulation proved successful: Participants in the treatment group indicated to have a 
higher extent of perceived action planning to carry out their decision to be physically active 
(M=5.42, SD=1.21) compare to participants in the control group (M=4.53, SD=1.43; 
F(1,102)=11.97, p< 0.001). As indicated earlier, the formation of intentions to be physically 
active didn’t differ significantly between the two groups F(1,102)=0.25, p=0.616). Thus, the 
results suggest that the two groups only differed in the extent to which plans were developed. 
Goal Realization 
One week after being exposed to the experimental conditions, participants returned to the 
lab and reported the extent of their goal realization subjectively and objectively. Perceptions 
related to extent of physical activity goal realization was captured using two items (i.e., “I was 
able to achieve my physical activity related goal within the last week; I was successful in acting 
on my decision related to my physical activity related goal”). The items were assessed using a 
Likert scale that ranges from one (strongly disagree) to seven (strongly agree). Goal realization 
had a mean (SD) of 4.83 (1.61) (Cronbach’s alpha = 0.90). Moreover, the fitness tracking 
technology allowed us to capture the respondents daily steps over the course of the study with a 
minimum of 2,514 steps and a maximum of 25,460 steps daily with a mean (SD) of 9,424 steps 
(3807 steps). Table 3.2 captures the inter-correlations of study variables. 
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Table 3.2 Inter-correlations of Study Variables 
 
Notes 
1. M stands for variables’ mean and SD stands for standard deviation Gender was coded 0 (male) 
and 1 (female) 
2. Action Planning was coded 0 (no action plan development condition) and 1 (action plan 
development condition)  
3. * p<0.05    
Mean SD 1 2 3 4 5 6 7 8 9 10 11
1 Age 3.15 11.00 —
2 Gender 0.68 0.47 0.21* —
3 Planning Disposition 4.80 1.20 0.01 0.25* —
4 Physical Activity_Base Line 3.60 1.80 0.00 -0.21* 0.29* —
5 Physical Activity_Intention 6.40 0.74 0.00 -0.06 -0.07 0.29* —
6 Feedback Scope 4.83 1.42 -0.11 -0.08 0.16 0.03 0.10 —
7 Feedback Frequency 3.02 1.90 0.00 -0.15 -0.06 0.11 0.18 0.29* —
8 Ego Depletion 2.52 1.07 -0.07 0.14 0.11 -0.22* -0.19 -0.30* -0.34* —
9 Subjective Goal Realization 4.83 1.61 -0.04 -0.16 0.14 0.22* 0.10 0.50* 0.20* -0.36* —
10 Objective Goal Realization 9424 3807 -0.17 -0.10 0.09 0.12 -0.01 0.38* 0.21* -0.25* 0.51* —
11 Action Planning 0.51 0.50 -0.08 0.03 0.16 0.09 -0.05 -0.01 -0.04 0.06 0.23* 0.29* —
Variables
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Another one-way ANOVA test was conducted, with group membership as a factor and the 
extent of perceived goal realization as a dependent variable. This analysis showed that action 
planning enhanced goal realization compared to having only an intention to exercise: Participants 
in the treatment group indicated to be have a higher extent of perceived goal realization (M=5.19, 
SD=1.66) relative to participants in the control group (M=4.45, SD=1.49; F(1,102)=5.70, p=0.02).  
In addition to that, objective data collected via fitness trackers shows that participants in 
the treatment group actually engaged in higher level of physical activity (reflected through average 
number of daily steps) (M=10,462 steps, SD=4,521 steps) relative to participants in the control 
group (M=8, 320 steps, SD=2,461 steps; F(1,79)=8.42, p=0.004). Moreover, number of average 
daily steps signals the deviation from the average daily steps target goal (i.e., 10,000 steps) where 
participants in the treatment condition, on average, achieved and even surpassed the target goal by 
462 steps while participants in the control condition, on average, fell short by an average of 1680 
steps.  
To gain more insights on the influence of action planning on goal realization in light of the 
presence of other controls, we conducted an analysis of covariance (ANCOVA), which confirmed 
our earlier conclusion (Table 3.3). To sum up, based on the multiple one way ANOVAs and 
ANCOVA we can conclude that H1 was supported.  
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Table 3.3 Analysis of Covariance 
 
 
 
Notes: 
1. GEN= Gender; PLD=Planning Disposition; PA_BL= Physical Activity Base Line, PA_INT= 
Physical Activity Intention; APL= Action Planning 
2. * p < 0.05 
 
To examine the influence of IT-based feedback and compare it to the influence of action 
planning, we conducted a hierarchal regression analysis (Table 3.4) to examine the change in the 
explained variance pertaining to the extent of perceived goal realization.  The results of Model 1 
(controls only) and Model 2 (action planning only) confirmed our earlier findings. The influence 
of action planning on goal realization was significant (β=0.21, p <0.01), while the influence of 
intention to exercise on goal realization was not (β=0.08, ns). Model 2 (action planning only), 
was significant and accounted for 6.90% of the explained variance in goal realization. Model 3 
(feedback only), was significant and accounted for 25.2% of the explained variance in goal 
realization, where the influence of feedback on goal realization was significant (β=0.48, p 
<0.001). Also, based on Model 4, our results indicate that feedback had a significant influence on 
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goal realization (β=0.49, p <0.001) after controlling for the influence of action planning. 
Moreover, action planning still had a significant influence on goal realization even with the 
presence of feedback (β=0.23, p <0.01). The overall model accounted for 29.8% of the variance 
in goal realization. We calculated Cohen’s ƒ² to examine the significance of the incremental 
change in explained variance due to the inclusion of our main variables. The addition of action 
planning had a small effect size (0.04) while the addition of feedback scope in addition to action 
planning had a medium/large effect size (0.25).10 Finally, all controls including intentions were 
not significant. As a result, H2 was supported.11 
  
                                                          
10 Cohen’s ƒ², values of 0.02, 0.15, and 0.35 are considered to be small, medium, and large effect 
sizes respectively (Cohen, 1988). 
11 As Models 3 and 4 only accounted for one characteristic of feedback (i.e. the scope of 
feedback), we decided to examine whether the frequency of feedback had a positive influence on 
goal realization. We run our regression analysis again using frequency of feedback notification 
along with action planning and other controls. We found that the influence of frequency of 
feedback notification on goal realization was not significant (β=0.18) when examined at 
significance level (α) of 0.05. Full models’ results pertaining to feedback frequency are not 
included for brevity.  
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Table 3.4 Regression Tests for IT-based Action Planning and Feedback 
 
 
 
 
Notes: 
1. GEN= Gender; PLD=Planning Disposition; PA_BL= Physical Activity Base Line, PA_INT= 
Physical Activity Intention; APL= Action Planning; FB=Feedback. 
2. * p < 0.05; ** p < 0.01; *** p <0.001 
3. As a robustness check, we rerun the entire analysis controlling for participants perceived self-
efficacy for goal realization and it was not significant at p<0.05.  
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DISCUSSION 
In the current study, we examined the efficacy of IT-based goal-striving mechanisms 
(action planning and physical activity performance feedback) in driving the realization of health-
related goals. More specifically, we examined whether developing an IT-based action plan will 
influence the achievement of physical activity related goals. Additionally, we examined the 
influence of using a physical activity tracking device, which allowed user to monitor the level of 
their physical activity and receive feedback about the achievement of their physical activity 
related goals. Findings show that IT-based action planning and IT-based feedback enhance the 
level of goal achievement. Furthermore, our results show that action planning and feedback 
mechanisms were operating independently rather than jointly where the scope of feedback had a 
stronger influence than action planning on explaining the level of perceived goal realization. 
Thus, it can be concluded that while planning is essential, the scope of provided feedback is key 
in promoting goal realization  
To gain more understanding on the relationship among feedback, goal realization, and 
ego depletion in general, we conducted a number of post-hoc analyses. Examining the 
correlation between ego depletion and scope of feedback, the correlation coefficients are 
negative in value and significant at p <0.05 (i.e. an inverse relationship between feedback 
characteristics and ego depletion). This is contrary to the logic espousing that the more the 
feedback the higher the resulting level of ego depletion. That pattern if had existed in our data it 
might have revealed itself in an inverse quadratic relationship between the level of generated 
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feedback and goal realization, but we tested for such inverse quadratic relationship and it was not 
significant.12 
To gain insights on the mechanisms through which ego depletion influence goal 
realization, we investigated whether ego depletion interacts (i.e. attenuates) the influence of goal 
striving mechanisms on goal realization. The influences of a number of two-way interactions 
(action planning X ego depletion; feedback scope X ego depletion) on goal realization were 
examined, the results indicated that the only significant interaction occurred between ego 
depletion and action planning (β=-0.34, p <0.01).13 As a result, action planning influence on goal 
realization is significantly attenuated with high levels of ego depletion (Figure 3.4 a). To add, a 
possible corollary based on our observation would be that action planning attenuates the 
influence of ego depletion on goal realization when ego depletion level is low or medium, but 
not when ego depletion is high (Figure 3.4 b).14 Finally, we estimated Cohen’s effect size by 
comparing a model including the interaction term between ego depletion and action planning to 
Model 4 (action planning +feedback), Cohen’s f 2 statistic =0.09 which represent small/medium 
effect size.  
                                                          
12 We also entertained the idea that the frequency of feedback notification might have an inverse 
quadratic relationship with perceived goal realization but it was non-significant as well (β= -
0.02). Full models’ results pertaining to feedback frequency are not included for brevity.  
13 Continuous variables were mean centered before the interaction terms were computed. 
14 We investigated the overall impact of action planning on goal realization through testing a 
model with four paths linking goal realization to action planning: direct effect, indirect effects 
through feedback and ego depletion, and a moderation effect between action planning and ego 
depletion. The only significant effects were related to the direct effect (β=0.23, p<0.01) and the 
moderation effects (β=-0.34, p<0.01). 
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Figure 3.4 a 
 
Figure 3.4 b 
Figure 3.4 (a & b) Ego Depletion Interaction with Action Planning  
 
Notes: 
1. EGODEP: Ego depletion; GOALRLZ: Goal realization; APL: Action planning 
2. Ego depletion had min value of 1 and maximum value of 5 with a mean of 2.5 and 
standard deviation of 1.07.  Ego depletion was mean centered to plot figure 3.3 b.  
99 
 
 
In addition to the interaction analysis, we investigated whether ego depletion influence on 
goal realization is mediated through goal striving mechanisms. The results of Table 3.5 
(illustrated graphically in Figure 3.5) show that the influence of ego depletion on goal realization 
was partially mediated with significant indirect effect (β=-0.13, p<0.01). Thus, it appears that 
when people are cognitively depleted, they track fewer aspects of their behavior via the mobile 
application and hence their goal realization is reduced. The partial mediation indicates that ego 
depletion influence on goal realization is not captured in its entirety via reduced IT-based 
feedback. Said differently, there might be some other mechanisms through which ego depletion 
influence goal realization, such as, reduction in planning activities or increased level of hedonic 
sedentary activities (e.g., watching TV, surfing the web, or texting).  
To summarize, high levels of ego depletion represents a boundary condition for the 
influence of action planning on goal realization. 
 
Table 3.5 Mediation Analysis of Ego Depletion’s Influence on Goal Realization 
 
 
Notes: 
1. Sobel test plus Bootstrap with case resampling was conducted to test the indirect effect of 
EGODEP on GOALRLZ (resample1000 times)  
2. ** p<0.01; *** p<0.001 
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Figure 3.5 Mediation Analysis of Ego Depletion’s Influence on Goal Realization 
 
Integrating the two prior findings together, we get a more complete picture of the 
mechanisms through which ego depletion influence goal realization (Figure 3.6).  
 
Figure 3.6 Overall Influence of Ego Depletion on Goal Realization 
 
Notes: ** p<0.01; *** p<0.001. Indirect effects of Ego Depletion are sig. (β=-0.13, p<0.01) 
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Our study suffers from couple of limitations that might influence the generalizability of 
the study findings. First, while we investigated the development of action plan, we did not 
control for the participants development of coping planning in the face of obstacles hindering 
their goal achievement or the participants perceived level of self-efficacy of various aspects of 
their targeted behavior (e.g., maintenance self-efficacy, which pertains to a person’s confidence 
about target behavior maintenance, and recovery self-efficacy, which pertains to a person’s 
confidence about getting back on track after failing to execute target behavior) (Schwarzer, 
2008). Second, related to the earlier point, the study was conducted in Spring during which the 
weather condition is generally favorable for being physically active, the study results might 
differ in inclement weather conditions. Third, the reported ego depletion was captured at the end 
of the study period, where its reported accuracy might have suffered from recollection bias. 
Fourth, while we controlled for participants’ planning disposition, other personality traits might 
have an influence on goal realization. Fifth, we only examined a limited set of feedback 
characteristics (i.e., feedback scope), which limits our understanding of the influence of feedback 
in general on goal realization. Finally, our study only lapsed for one week and it might place a 
limitation on whether the examined results would hold over longer study periods.  
Taking our study limitations into account, our study still offers a number of theoretical 
and practical contributions. Zhang (2005) stressed when explaining the failure of large number of 
health IT initiatives, “Most of these failures are not due to flawed technology, but rather due to 
the lack of systematic consideration of human, and other non-technology issue in the design and 
implementation process” (p. 1). The current essay fills the gap in HIT literature pertaining to the 
limited use of theory for designing BCSS. By building on self-regulation theory, we provide 
insights essential to advance IT-based interventions. By empirically testing our model, we 
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provide evidence pertaining to the effectiveness of IT-based goal striving mechanisms, such as 
action planning and feedback, in health-related goal achievement. Moreover, we shed some light 
on the role of ego depletion in limiting the effectiveness of goal striving mechanisms. 
 Our work provides several recommendations for practitioners. Our work provide 
essential guidelines for the design and evaluation of BCSS. To gauge the potential effectiveness 
of available commercial BCSS, practitioners need to examine the availability of goal striving 
mechanisms as imbedded features in the BCSS. The broader the scope of the provided feedback 
and the presence of action planning will enhance the level of goal achievement will be. The same 
criteria could be used for enhancing the design of BCSS. The integration of action planning in 
BCSS is straight forward and provides significant benefits, alongside the provision of feedback, 
to promote goal realization. Our findings should direct practitioners attentions toward imbedding 
features in BCSS aimed toward measuring and reducing the level of users’ ego depletion. For 
example, a simple assessment of users’ mood or level of cognitive resources can trigger a funny 
video or motivational text when users’ level of ego depletion is low. 
Future research can expand on our study in number of ways. First, future studies can 
examine and compare the influence of IT-based action planning to that of IT-based coping 
planning on goal realization. Moreover, future studies can investigate the influence of users’ 
perceptions of their self-efficacy regarding various aspects of their targeted behavior (e.g., 
maintenance and recovery self-efficacy) on enhancing or attenuating the efficacy of IT-based 
goal striving mechanisms. Second, future studies can employ ecological momentary assessment 
(EMA) techniques to capture the users’ experience during the study period more frequently and 
in natural settings (Stone & Shiffman, 1994). Third, future research can expand on the examining 
the influence of larger set of feedback messages’ characteristics (e.g., sign (positive or negative), 
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tone, or source) on goal achievement. Finally, future research should validate our findings and 
examine the influence of IT-based goal striving mechanisms across longer time horizons, 
weather conditions, and over different technologies and wellness and health related goals (e.g., 
weight loss, smoking cessations, and family planning).  
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APPENDIX 2-A 
Recruitment Material 
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APPENDIX 2-B 
Eligibility Screening Survey 
Your ID number for the study is: (Randomly Generated Number) 
Please save your ID number because it will be used to validate your participation in the 
study. 
 
Q1. Let us start by what motivated you to participate in the study? 
 
Q2. Health Screening Questions  
 Yes  No  
. Do you have any 
medical problems that 
limit your ability to 
perform physical 
activity?  
    
. Has your doctor ever 
said that you should 
only do physical activity 
recommended by a 
doctor?  
    
. Do you feel pain in 
your chest when you do 
physical activity?  
    
. Do you know of any 
other reasons why you 
should do not do 
physical activity?  
    
 
If ‘Yes’ is selected to any of the earlier questions, then skip to “Non Eligibility Message” and 
end survey. 
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Q3. Technological Screening Questions 
 Yes  No  
. Do you have a smart 
phone?  
    
. Would you be willing 
to keep your cell phone 
with you during the 
study period?  
    
. Do you have access to 
a personal computer?  
    
. Do you have Internet 
access in your home?  
    
. Would you be willing 
and able to wear the 
Fitbit-Flex tracker for 
at least 10 hours per 
day (every day) 
throughout the study 
period? 
    
 
If ‘No’ is selected to any of the earlier questions, then skip to “Non Eligibility Message” and end 
survey.  
 
Q 4-8. Commitment Screening Questions 
If you knew that the recommended level of physical activity for adults by the U.S. Department of 
Health and Human Services (HHS) is at least 150-minutes of moderate-to-vigorous intensity 
physical activity (equivalent to 10,000 steps of daily brisk walking) each week. Please answer 
the following questions. 
Q4. How would you describe your current level of physical activity? 
 Very active  
 active  
 Somewhat active  
 Not active at all  
 Don't know  
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Q5. How satisfied are you with your current level of physical activity? 
 Strongly Dissatisfied  
 Dissatisfied  
 Somewhat Dissatisfied  
 Neutral  
 Somewhat Satisfied  
 Satisfied  
 Strongly Satisfied  
 
Q6. How committed are you to improve your current level of physical activity? 
 Strongly not committed  
 Not committed  
 Somewhat not committed  
 Neutral  
 Somewhat committed  
 Committed  
 Strongly committed  
If ‘Strongly not committed’, ‘Not committed’, or ‘Somewhat not committed’ is selected, then 
skip to “Non Eligibility Message” and end survey.  
 
Q7. How much time you would be willing to commit each week to improve your current 
level of physical activity?  
 3 or more hours per week  
 Between 2-3 hour per week  
 Between 1-2 hours per week 
 Less than 1 hour per week  
 No time at all  
If ‘No time at all’ or ‘less than 1 hour per week’ is selected, then skip to “Non Eligibility 
Message” and end survey. 
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Q8. How soon would you be willing to make changes toward increasing your current 
physical activity levels? 
 In the next 1-2 weeks  
 In the next 3-4 weeks   
 More than 1 month from today  
 Sometime in the future  
If ‘More than 1 month from today’ is selected or ‘Sometime in the future’ is selected, then skip 
“Non Eligibility Message” and end survey. 
 
Eligibility Message: CONGRATULATIONS! You are eligible to participate in the study.  
Appointments are scheduled through the Behavioral Lab & SONA system (you will be 
redirected to the behavioral lab website). If you have an account please login and schedule an 
appointment. If you don't have an account in SONA already please go ahead and create 
one.  After you register, please signup for the "Fitbit Study”, you will need the following 
invitation code: "FLFITBIT1234" (without quotations marks) to schedule your meeting.   Please 
do fill in your contact information below just in case there is no available time slots when you 
attempt to signup. This way we can contact you later if there are availabilities.  
Study ID, Name, Email, and Phone. Thank you for your time. You are helping the University of 
Arkansas conduct high quality research. 
 
Non-Eligibility Message: Unfortunately, you were not eligible to participate in the study. Thank 
you for your time. You are helping the University of Arkansas conduct high quality research. 
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APPENDIX 2-C 
 
Sample of Plans’ Entries Created by Participants 
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APPENDIX 2-D 
Survey Items, Means (M), and Standard Deviations (SD) 
Construct # Item M SD 
Goal Realization  
(Dholakia et al., 2007) 
(Cronbach’s 
Alpha=0.90) 
1 Over the past week, I was able to achieve my 
physical activity related goal. 
4.73 1.67 
2 Over the past week, I was successful in acting 
on my decision related to my physical activity 
related goal. 
4.92 1.68 
Feedback Scope 
(Venkatesh et al., 
2008) 
 In general, how do you consider the extent of 
your Fitbit-Flex fitness tracker use? 
4.83 1.42 
Feedback Frequency 
(Davis et al., 1989) 
 How often do you receive feedback 
notifications from the Fitbit-Flex fitness 
tracker? 
3.02 1.90 
Ego depletion  
(Twenge et al., 2004) 
(Cronbach’s 
Alpha=0.96) 
  
 Over the past week, …     
1 I needed something pleasant to make me feel 
better. 
3.53 1.82 
2 If I were tempted by something, it would 
have been very difficult to resist. 
3.11 1.54 
3 I felt drained. 3.66 1.77 
4 I wanted to quit any difficult task I was 
given. 
2.25 1.20 
5 I felt calm and rational. 2.86 1.36 
6 I felt worn out. 3.53 1.87 
7 I felt sharp and focused. (reverse coded) 3.32 1.40 
8 I felt lazy. 2.63 1.55 
9 I wanted to give up. 2.22 1.30 
10 I felt like my will power was gone. 2.29 1.42 
11 I felt mentally exhausted. 3.55 1.78 
12 I felt I couldn't absorb any information. 2.57 1.43 
13 I felt ready to concentrate. (reverse coded) 3.09 1.25 
14 New challenges appealed to me. (reverse 
coded) 
3.12 1.35 
15 I had lots of energy. (reverse coded) 3.52 1.45 
16 I felt motivated. (reverse coded) 2.85 1.24 
17 I felt it would take a lot of effort for me to 
concentrate on something. 
 
2.72 1.59 
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APPENDIX 2-D 
Survey Items, Means (M), and Standard Deviations (SD) Cont. 
Construct # Item M SD 
Ego depletion  
(Twenge et al. 2004) 
(Cronbach’s 
Alpha=0.96) 
 
18 It was a good time for me to make important 
decision(s). (reverse coded) 
3.39 1.48 
19 My mental energy was running low. 3.04 1.77 
20 I wished I could just relax for a while. 4.02 1.97 
21 I felt discouraged. 2.47 1.39 
22 If I were given a difficult task, I would easily 
give up. 
2.24 1.17 
23 I had a hard time controlling my urges. 2.79 1.26 
24 My mind felt unfocused. 2.78 1.54 
25 It took a lot of effort for me to concentrate on 
something. 
3.00 1.52 
Plan Completeness 
(Dholakia et al., 2007) 
(Cronbach’s Alpha 
=0.84) 
1 I developed a plan of action to carry out my 
decision to be physically active over the past 
week. 
5.31 1.34 
2 The plan I have made to carry out my 
decision to be physically active over the past 
week can be considered to be complete 
(comprehensive and detailed). 
4.66 1.63 
Planning Disposition 
(Dholakia et al., 2007) 
(Cronbach’s Alpha = 
0.90) 
1 I set goals for the next few days for what I 
want to achieve with my time. 
5.19 1.38 
2 I decide beforehand how my time will be 
used in the next few days. 
5.08 1.44 
3 I actively consider the steps I need to take to 
stick to my time schedule the next few days. 
4.92 1.43 
4 I consult my planner to see how much time I 
have left for the next few days. 
4.64 2.01 
5 I like to look to my planner for the next few 
days in order to get a better view of using my 
time in the future. 
4.76 2.00 
6 It makes me feel better to have my time 
planned out in the next few days.  
5.21 1.62 
Intention to Exercise 
(Milne et al., 2002) 
 I intend to partake in at least 10,000 steps of 
daily brisk walking (or equivalent physical 
activity) during the next week. 
5.75 1.24 
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APPENDIX 2-E 
Research Compliance Protocol Letter 
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APPENDIX 2-F 
Research Compliance Protocol Letter  
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CHAPTER 4 
CONCLUSION 
 
The following sections outline the summary of research finding of each essay, the 
theoretical and practical contributions and directions for future research. 
SUMMARY OF FINDINGS 
Essay 1 aimed to examine the influence of action planning on consumers’ adoption 
(acquisition) of IT (mobile health and wellness applications). Findings of the study concurred 
with the well-established TAM where users’ perceptions of IT usefulness and ease of use shaped 
the intention to adopt IT. Furthermore, although participants in the treatment and control groups 
expressed an equally strong intention to visit a website and acquire a health and wellness mobile 
application, participants who formed action plans were more likely to follow through on their 
intentions and actually visit the website relative to participants who formed goal intentions only. 
To add, findings illustrated that the development of action plans not only enhances action 
initiation but also enhances subsequent goal striving efforts even in the face of unexpected 
obstacles. Compared to participants who didn’t develop action plans participants who developed 
action plans exhibited relatively higher level of tenacity toward achieving their goal (i.e. 
frequency of attempts to acquire the mobile application) even after their initial attempts were 
blocked. Thus, the results of the study agree with findings outside of the IS discipline regarding 
the impact of action plan formation on action initiation and subsequent goal striving. To 
summarize, by replicating and integrating findings from within as well as from outside the IS 
discipline our study empirically validate the role of action planning in the nomological network 
of IT adoption. 
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Essay 2 examined the efficacy of IT-based goal-striving mechanisms (action planning 
and feedback) in driving the achievement of health-related goals. In particular, building on the 
findings from Essay 1, demonstrating that IT-based action planning matters for achieving IT 
adoption goal, this essay examined whether developing an action plan will influence the 
achievement of physical activity related goals. Additionally, we examined the role of IT in 
facilitating the monitoring of and the provision of feedback about the achievement of physical 
activity related goals. Findings show that IT-based action planning and feedback provision with 
broader scope enhances the level of goal achievement. Moreover, our results show that the 
influence of action planning on goal achievement will be significantly attenuated by high-levels 
of ego depletion, while the level of feedback provision partially mediates the influence of ego-
depletion on goal realization.  
CONTRIBUTIONS 
Together the two essays make several contributions to research and practice. The 
contribution of each of the essays is outlined in the following paragraphs. 
Essay 1 makes several key contributions to the literature. First, the current study advance 
our knowledge regarding the mechanisms needed to translate intention to adopt IT into actual IT 
adoption. The IS field of research, except for scarce attempts, placed very limited emphases on 
how formed intentions to adopt technology are translated into actions (Venkatesh et al., 2008; 
Bagozzi, 2007). Overlooking goal striving mechanisms limits our ability to bridge the gap 
between intentions to adopt technology and adoption behavior. In the current study, we address 
the call for filling the intention-behavior gap in the IT adoption literature (Bagozzi, 2007; 
Venkatesh et al., 2008) with a special focus on the HIT adoption context. By doing so, this 
research addresses the call in the literature to gain deeper understanding of the issues pertaining 
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to users’ adoption of HIT. By integrating multiple theoretical perspectives (i.e., TAM and action 
planning), the current research advances our knowledge of possible factors candidate to facilitate 
actual adoption of HIT. We examine action planning as a potential goal striving mechanism and 
empirically validates its role within the nomological network of IT adoption. Thus, current 
findings not only advances our understanding of user adoption of IT in healthcare context, but 
findings could be generalized to other contexts as well. 
Findings of the study emphasize the role of action planning in promoting HIT adoption. 
Thus, in addition to providing theoretical contributions, the current findings have important 
implications to practitioners. Ensuring that targeted end-users will use the technology represent 
an important step toward reaping the technology benefits. First, practitioners recommending 
patients to use health and wellness applications can cultivate action from their patients by 
requesting them to develop a detailed plan about when and where they will use the mobile 
applications. Second, developers sometimes initially test their health and wellness apps in the 
market by introducing a simpler version of the full application to create awareness, interest, and 
desire for their product. To foster action toward adopting the full version, developers can 
integrate an action plan in their beta versions geared toward full version adoption. Third, given 
that HIT is still in its infancy and in some instances, major technical glitches occur (e.g., servers 
busy due to unexpected traffic), the study findings would recommend incorporating built in 
messages that promotes users to develop an action plan about reconnecting to the service at a 
later point in time.  
Essay 2 advances extant IS research in four ways. First, with some exceptions, prior IS 
research has largely focused on understanding the factors influencing consumers’ adoption of 
mobile technology for general use (e.g., Venkatesh et al., 2012), yet, we still have limited 
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understanding of the mechanisms through which IT (i.e. mobile fitness tracking technology) use 
can support users’ in achieving their goals, specifically behavior change goals. To address this 
gap, Essay 2 takes one step beyond the current adoption research to focus on IT use as a mean to 
an end (Burton-Jones & Grange, 2013); as a tool used for supporting its’ users in achieving their 
physical activity goals. Second, although health psychology literature provides strong evidence 
on the powerful influences of self-regulatory mechanisms over behavior changes, HIT research 
to date has not fully leveraged self-regulation theory and its recommendations when designing 
technology aimed for behavior changes. By building on behavior change theories and integrating 
action planning theory in to the IT use literature, this research advances our understanding 
regarding the influence of IT use on goal achievement and the role goal striving mechanisms 
might play in enhancing that influence. Third, by investigating the participants’ level of ego 
depletion, we examine one of the possible boundary conditions related to the efficacy of IT-
based goal striving mechanisms in healthcare. Fourth, in response to the growing emphasis on 
health and wellness many mobile applications are available claiming to assist consumers in 
effectively managing and enhancing their health and wellness, unfortunately, current 
interventions for mobile-based platforms have been developed with limited theoretical guidance 
(Riley et al., 2011; Langrial et al., 2012). By rooting our work into the well-established theories 
of behavior change, the current essay offers actionable recommendations, deeply rooted in 
established theoretical paradigms, aiming to improve and enhance the design of mobile-based 
interventions. Finally, given the government quest toward building an effective consumer-centric 
health-care system where participants take active control of their health and well-being (Agarwal 
et al., 2010), this research suggests that even simple design interventions such as action planning 
makes a significant difference. The findings of this research suggest that health and wellness app 
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developers could potentially consider integrating action planning as a functionality in their apps 
to enhance its effectiveness. 
FUTURE RESEARCH 
The current dissertation introduces and empirically examines the influence of goal 
striving mechanisms on goal achievements in the HIT acquisition and use contexts. The 
conducted studies pave the road for future research to validate and extend our findings as well as 
enrich our understanding about the factors driving users’ adoption as well as use of HIT toward 
achieving their health related goals. We identify multiple opportunities for future research to 
build on our current work.  
First, future studies could examine the role of boundary conditions and their influences 
on the efficacy of IT-based goal striving mechanisms. For example, different levels of 
personality traits might interact differently with IT-based goal striving mechanisms. IT-based 
action planning might be less influential for users who are high on conscientiousness personality 
trait but influential for users who are low on conscientiousness as a personality trait. Moreover, 
high feedback frequency might enhance goal achievement for users who are low on neuroticism 
but might have no or harmful impact on users high on neuroticism. To add, users’ perceptions of 
their self-efficacy pertaining to the maintenance of target behavior as well as recovery from 
failure when attempting to execute target behavior (i.e., action, maintenance, and recovery self-
efficacy (Schwarzer, 2008) might enhance or attenuate the influence of  IT-based goal striving 
mechanisms. For example, IT-based goal striving mechanisms might be more influential for 
users with low confidence about maintaining their desired level of physical activity compared to 
user with high confidence about maintaining their desired level of physical activity. However, if 
users with low level of recovery self-efficacy encountered a setback they tend to dramatize the 
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event and attribute the failure to global stable reasons and might end up abandoning the use of 
IT-based goal striving mechanisms. On the contrary, if users with high level of recovery self-
efficacy encountered a setback, they tend to attribute the failure to an external situation, motivate 
themselves to get back on track and might end up continuing the use of IT-based goal striving 
mechanisms. In addition to psychological traits, studies conducted in memory and cognition field 
of research have indicated the existence of individual differences in attentional capabilities and 
memory abilities, which might influence people prospective memory, i.e. their ability to 
remember to execute future intentions (Marsh et al., 1998). As a result, individual differences in 
prospective memory might influence the efficacy of IT-based action planning where people with 
lower level of memory and abilities and attentional capabilities (subjectively and objectively) 
would benefit more from IT-based planning and utilize it as a compensatory device to reduce 
memory omission errors (i.e., failures to perform an intention in response to a target cue (Bugg et 
al., 2013)), compared to people with high level of memory abilities and attentional capabilities.  
Second, when discussing Essay 1 results we highlighted that the potential influence of 
public commitment on goal realization (i.e., when plans are shared with others (e.g. groups or 
specific person)) may serve as an alternative plausible explanation to our findings (Schlenker et 
al., 1994). The elevated sense of public commitment may foster a variety of motivational 
differences (e.g., self-presentation motives) that may explain the differences between treatment 
and the control condition. The same argument can be made regarding Essay 2 findings. Thus, 
future research should tease this alternative explanation through comparing between different 
treatment groups where participants of one group would not share with the researcher their action 
plans, participants of another group would share their action plans only with the experimenter, 
and participants of a third group would publicly share their plans with the experimenter and 
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members of their group. Furthermore, it has been indicated by the public commitment literature 
that when people expect that their behavior might be monitored, intentions will be more aligned 
with behavior (Schlenker et al., 1994). Thus, to tease the possible influence of public 
commitment on goal realization apart from the influence of action plan development, it is 
possible to develop a study design with the employment of a deception element, where 
participants in the treatment group (i.e., action planning group), will be divided further into two 
groups. Members of one of the two treatment groups will be explicitly told that their behavior, 
although covertly monitored during the entire study period, will not be monitored during the 
study period or self-reported at the end of the study period. Members of the other treatment 
group will be told that their behavior will be monitored during the study period and self-reported 
at the end of the study period.  
Third, future research should explore the influence of the characteristics of the developed 
plans on goal realization. For example, developed action plans may vary in the degree of plan 
specificity on a continuum with highly detailed and specific plans explicating the situational 
context and the exact action to be executed on the one end, and vague plans without any clear 
reference regarding the anticipated situational context or the action to be executed on the other 
end (Dholakia et al., 2007). Highly specific plans are more likely to facilitate goal realization as 
they provide a mechanism for retrieving the stored behavioral intention to be executed from 
memory (Bagozzi & Dholakia, 1999). 
Fourth, future research should further examine the influence of feedback messages 
characteristics on goal achievement. While in Essay 2 we focused on the scope of feedback, the 
influence of feedback on goal achievement is not straight forward and other characteristics of 
feedback could be examined such as feedback source, timing, specificity, sign, and framing (for 
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a review, see Kluger & DeNisi, 1996). For example, research is needed to understand when 
positively framed feedback versus negatively framed feedback messages would be more 
effective. Once more, personality trait might play a role in providing an answer. According to 
recent research, the influence depends on the level of fit (regulatory) between the message 
framing (gain/loss) and the recipient regulatory orientation (promotion/avoidance) (Higgins, 
1998; Cesario et al., 2013). Thus, future research might need to investigate the role of tailored 
IT-based feedback messages content on goal achievement.  
Fifth, future studies can examine the role of social network membership as a source of 
feedback on goal achievements. Nowadays, people can share their physical activity performance 
on social media platforms, even more, compete against one another to achieve the highest 
number of steps, miles, or active minutes. It might be to fruitful to examine how feedback 
generated through social comparison via social media platforms enhance or reduce goal 
achievement. Even more, future research can compare influence of different sources of feedback 
on goal realization (e.g. IT-based feedback relying on user’s own performance versus IT-based 
feedback relying on user’s peers’ performance as a benchmark). 
Sixth, in Essay 2 we relied on participants’ ability to recollect their use experience at the 
end of the study period. Future studies can employ ecological momentary assessment (EMA) 
techniques to capture the users’ experience during the study period more frequently and in 
natural settings. EMA refers to the use of monitoring strategies to assess phenomena as they 
naturally occur (Stone & Shiffman, 1994). For example, by using electronic diaries or very short 
surveys on mobile phones researchers can collect more timely, accurate data and avoid 
recollection bias.   
129 
 
 
Seventh, our study evaluate the achievement of physical activity goals over one week 
period. Future research should validate our findings and examine the influence of IT-based goal 
striving mechanisms with multiple data collection points across longer time horizons and over 
different wellness and health related goals (e.g., weight loss, smoking cessations, and family 
planning).  
Eighth, in the current work and across the two essays we have explored two basic goal 
striving mechanisms that we believe to facilitate goal realization (i.e., action planning and 
feedback). Future research might examine additional goal striving mechanisms (for a review, see 
Khul, 1984), such as the inhibition of the processing of information that supports competing 
intentions (i.e., selective attention) which strengthen the activation and processing of information 
that support current intention where actors influence their  emotional reactionsthe control of , 
external  the control of ,own emotions to facilitate the enactment of their current intention
their current manipulate their external environment to be aligned with where actors  environment
facilitate the  related to current intentionsfeatures of stimulus  dingenco selective the, intentions
future enactment of intended action as volitional control is delegated to lower level automatic 
where the actors motivation may be  motivationhigh levels of the maintenance of , process 
related information that supports current -increased by selectively processing expectancy
which terminates the ) parsimonious information processing (i.e., stop rulesand the intention, 
. (Kuhl, 1984)than needed information regarding action alternatives  process of generating more
are expected to protect the chosen intention and the developed The above mentioned strategies 
(Bagozzi & and enhance the likelihood of goal achievement action plan from being abandoned 
Moreover, future research should examine whether there is a linear temporal  olakia, 1999).Dh
sequence between goal directed behavioral components, where goal setting is followed by goal 
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date goal setting through striving or it is likely that goal striving mechanisms can modify and up
feedback loops. We believe that the second view is more likely to be the case. For example, 
when actual or anticipated events that might hinder goal achievement, jeopardize plan 
olitional mechanisms of plan v ,implementation or threaten goal commitment occurs
 adjustment or even goal disengagement might occurgoal commitment revision, modification, 
. (Wrosch et al., 2003)  
Finally, by introducing action planning to the IS discipline audience, we open the door 
for other researchers to make use of this construct in other streams of research with in IS domain 
such as continuous (e.g., Bhattacherjee, 2001), and IT switching (Polites & Karahanna, 2012), 
and IT addiction (Turel et al., 2011; Xu et al., 2012). Multiple questions can be investigated, 
among which are: Can continuous IT use be facilitated through the development of action plans? 
Can the execution of action plans pertaining to IT use lead to the development of habitual IT 
use? Can action planning over rides incumbent system habitual use to facilitate IT switching? 
Can action planning over rides the habit of using IT in risky situations? How to counter act the 
impact of ego depletion on the influence of action planning on goal realization in different 
contexts?  
The possibility for future research to build on action planning is abundant and rewarding. 
The current work aimed toward directing the attention of IS researchers to action planning, a 
simple but effective concept that can lend itself to fruitful applications in multiple streams of 
research in the IS domain.   
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